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Abstract
Financial markets reflect what is the collective trading behaviour of traders. Such
behaviour is often affected by financial crisis or political events. The term regime
change is used to describe such significant change of collective behaviour. This thesis
studies how regime change can be measured and detected in financial markets.
The traditional ways to detect regime changes are based on analysis of the sta-
tistical properties of time series. For example, researchers may have used significant
changes in means, volatilities, autocorrelations and cross-covariances of asset returns
to conclude regime changes. In this thesis, we study regime change detection using
indicators developed in Directional Change (DC). DC is an alternative way to sample
financial data. Unlike time series, which samples transaction prices at regular time
intervals, DC samples prices at peaks and troughs of the market.
We propose a new method to detect regime changes under the DC framework. DC
data is fed into a Hidden Markov Model (HMM), a machine learning model, which
aims to discover the hidden state of the market. To evaluate our method, we apply it
to the Forex market over a time period of uncertainty, namely the Brexit referendum
period. The timing of regime changes detected by this method is consistent with the
political developments taking place at the time. While regime changes detected by
DC and time series agree with each other most of the time, some regime changes
found under DC were not found under time series. That means our DC approach
complemented the time series approach by the provision of supporting and additional
information.
With the method developed, we then went on to detect normal and abnormal
market regimes (which represent regimes before and after significant events took
place) in other assets. Through observation of regimes detected in ten different
markets at different times using different thresholds, we discovered that normal and
abnormal regimes are clearly separable from each other in the DC indicator space.
This allowed us to generalise and characterise what are the features of normal and
abnormal market regimes using DC indicators.
We then showed that the regime characteristics established above can be used for
regime tracking. As a proof of concept, we showed that, based on the market data
observed so far, one can use a simple Bayes model to compute the probability of the
current market being in the normal or abnormal regime. Preliminary results sug-
gested that the proposed method managed to detect regime change signals accurately
and promptly.
Finally, we examined the usefulness of the detected regime change signals. Two
trading algorithms are proposed to demonstrate the practical implication of the
regime tracking information.
To summarise: this thesis pioneers a new method for regime change detection
under the DC framework. It showed that normal and abnormal regimes can be
characterised using DC indicators. Once such characteristics are clearly established,
this could be used for effective market tracking, which potentially lays the foundation
for a practical financial early warning system. The regime tracking signals can be
used to established valuable trading algorithms.
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Chapter 1
Introduction
In this chapter, a general introduction to the research work in this thesis is
provided. It starts with an overview of the concept of regime change which leads
to our research. Then, the research objectives are discussed, which state what we
attempt to achieve in this thesis. The structure of this thesis is outlined in the
last section of this chapter.
1.1 Overview
The broad theme of this thesis is to answer the question of what is a Regime
Change in the financial market, and to go on to use an empirical, statistical and
data driven approach, that of Directional Change, which combined with machine
learning techniques to establish this, and which would then go on to form new,
data-led models to achieve a greater and more exhaustive understanding of the
financial market.
1
2Thus, firstly, the definition of what is regime change must be established.
Regime change is a term more commonly associated with political and govern-
mental changes and upheavals, but equally well its concepts can be applied to
the rapid fluctuations and changes of the financial market, which in turn are also
linked to political and governmental conditions, as well as other factors.
Market regimes are often referred to as being the expression of collective mar-
ket behaviour over a period of time. The externals of such market regimes are
clearly observable, with statistical financial data. But that is only part of the
detail of what makes up regime change, which can therefore be regarded as both
observable and non-observable, and which is why it offers a challenge to be clearly
established, recognised, and delineated, and which is the central question of this
thesis. New mathematical and computer models are a way forward with this
question, and need to be explored to provide answers to such questions. And, as
what causes regime change and why, and when it occurs, and what is the starting
and finishing point of regime change, clearly this will also form part of our study.
1.2 Research Objectives
The aim of this study is to identify and measure the underlying trend of
regime change in the financial market, so as to create a practical and theoretical
framework to monitor the financial markets. This study aims to answer the
following four research questions:
1. In general, financial data is summarised under time series. Directional
3Change (DC), is a departure from the usual way for the study of the financial
data. As a result, most research on regime change start with summarising
data under time series. In this thesis, we wanted to see if regime change
can also be detected under the framework of DC. Therefore, we proposed a
new methodology to detect regime change with a data summary under DC
in our first research chapter, Chapter 3.
2. As a DC-based regime change detection method is proposed, a number of
further questions are raised. For example, would regime change detected
under DC be the same as regime change detected under time series? Or
would they be different? We then focus on evaluating the effectiveness of
these two approaches (DC and time series) on regime change detection, in
our first research chapter, Chapter 3.
3. Once regime changes can be effectively detected under the data-driven ap-
proach of DC, our next aim is to see what classifications or taxonomy can
then be applied to regime change. One possible option is to characterise
“normal market regime” and “abnormal market regime” in financial mar-
kets. The aim is to cover different markets, different periods and different
data types, to see whether they share anything in common, which can be
used as the factors that determine the market into the two categories. This
topic is discussed in our second research chapter, Chapter 4.
4. Leading on from research to establish the parameters for normal and ab-
normal regimes through the mechanism of DC, the next aim is to take an
4in-depth look at what leads to the shift from one market regime to another.
The aim is to track the financial market to see whether it is entering into
one regime from another. In particular, whether the market is shifting to an
abnormally volatile regime from a normal less volatile regime. This would
allow us to monitor the status of the financial market in real time, under
our specially developed DC analysis and machine learning techniques. And,
as a further move, this study could lay the foundation for establishing a
practical financial early warning system.
5. Being able to track regime changes allows us to know the current status
of the financial market. The early warning signals of regime changes allow
investors to better understand the market. However, we wonder if this
information would be useful for practical trading. One way to find out is
to develop trading algorithms based on the regime tracking signals. By
comparing the performance of the designed trading algorithms, we should
find the impact of regime tracking information on practical trading.
In summary, our fundamental research objective is therefore to establish a
methodology of regime change recognition, and to be able to go on to classify
different types of market regimes and dynamically track regime changes under
DC, as an alternative way to understand the operation of the financial market
and its characteristics. At the last, we attempt to establish practical trading
algorithms based on the regime tracking information.
51.3 Thesis Structure
This thesis is organised as follows:
In Chapter 2, we begin with reviewing the principal current research and
literature on regime change. Besides, this chapter also provides a general overview
of the concept of Directional Change and its application. Lastly, the relevant
machine learning techniques, which are adopted in this thesis are outlined.
In Chapter 3, we propose a new methodology to detect regime changes in
financial markets based on Directional Change. The proposed method is then
compared with the conventional approach in regime change detection.
In Chapter 4, we extend our analysis of regime changes detection to classify
different market regimes. In particular, we attempt to characterise what is a
“normal market regime” as well as an “abnormal market regime”. In the empirical
study, we investigate regime changes in ten different financial markets and then
classify the market regimes that occur.
In the next research chapter, Chapter 5, we examine the features of what makes
up the bridge, or movement, between different market regimes, and indicate the
possibility of constructing a programme to monitor the financial markets in real
time, so as to be able to track what is the current regime in the financial markets.
In Chapter 6, we propose two simple trading algorithms, which make use of
the regime tracking information that is generated by the method presented in
Chapter 5. By comparing the performance of the designed trading algorithms,
we demonstrate the usefulness of the tracking signals for practical trading.
Thus, the four research chapters are proposed to be a programme of new
6theoretical and empirical research on the topic of regime change, with, for the
first time, the examination to be carried out using Directional Change, a data
driven approach, and examining and testing for the strengths and weaknesses
of such an approach, and where such an approach can fit in with seeking to
understand and monitor the workings of financial market, a global market with
many ramifications.
Chapter 7 concludes the whole thesis. The findings of the four research chap-
ters, and what is their significance, and what were the successes and limitations
of the work, and its future direction are discussed.
Chapter 2
Background and Literature
Survey
This chapter will discuss in the research literature on the concept of regime
change in the financial market, and on our research topic of the application of Di-
rectional Change (DC) to study regime change. In addition, the machine learning
techniques that are used in this thesis are also outlined.
2.1 Regime Change
Regime Change is a term more often associated with politics and government
rather than with financial markets. In this thesis, the term is being used to
describe what is a significant change in price behaviour in financial markets.
The question then arises as to what kind of change in price can be considered
as a regime change, rather than simply the normal fluctuations of the financial
7
8market? The links between different categories of regime change is noted by
Davies (2016): “since the financial crash of 2008, the global financial markets have
been subject to prolonged periods in which their behaviour has been dominated
by a single, over-arching economic regime, often determined by the stance of
monetary policy. When these regimes have changed, the behaviour of the main
asset classes (equities, bonds, commodities and currencies) has been drastically
affected, and individual asset prices within each class have also had to fit into the
overall macro pattern.” It is therefore the observed price behaviour in financial
markets that can have profound social and political implications.
In the field of macroeconomics, the term regime change is used to explain
dramatic breaks in many economic cycles, often with dramatic and unpredictable
political, governmental and crises causing financial ruptures (Hamilton, 2010).
Hamilton (2016) compared the US unemployment rate since the Second World
War, and the subsequent periods of economic recession. He discovered that the
US economy periodically entered into an episode when the unemployment rate
rapidly rose. Such evidence indicated that the economy frequently oscillated
between a steady period and a turbulent period, moving from one regime to
another. Another example of the fluctuations of market regimes is indicated
in the global financial crisis of 2008-2009, where the behaviour of asset prices
changed and persisted for many periods. For example, the mean, volatility and
correlation patterns in stock returns changed due to the pressures and workings
of the financial crisis (Ang and Timmermann, 2012).
Given the evidence of the historical data about the workings of the financial
9market globally, two types of market regimes are easily recognised and determined:
a steady regime with low volatility and economic growth, and a high volatility
regime with economic contractions. This leads to the question of how to determine
if such regime change has actually occurred.
Ang and Timmermann (2012) concluded that shifts from one regime to another
may be the result of a major external event, such as the 1973 oil crisis, or the
bankruptcy of Lehman Brothers in September 2008. It means that regime change
mirrors swings in the economy which may have built up over time, or driven by
investor expectations (Ang and Timmermann, 2012; Branch and Evans, 2010).
Thus, abrupt changes are considered as a feature of financial data, and there have
been a number of studies as to why such sharp changes in fundamentals will show
up in asset prices (Ang and Bekaert, 2004; Garcia et al., 2003; Dai et al., 2003;
Hamilton, 1989; Hamilton, 2010; Hamilton, 2016).
2.1.1 Regime Change Detection Methods
In order to detect such market changes, researchers monitor the statistical
properties of price movements in financial markets. In light of this, some regime
detection models are developed to establish such dynamic behaviour.
In 1989, Hamilton (1989) proposed a tractable approach to model changes in
regimes, which is known as a regime switching model or Markov switching model.
It is one of the most popular non-linear time series models to discover hidden
patterns in the market. The regime switching model is able to measure multiple
breaks and regime changes in the time series structure of financial data. This
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means the model is capable of characterising the distinctive financial behaviour
into different regimes.
The novel feature of the regime switching model is about the switching mech-
anism of different regimes, where the unobservable states are governed by the
first-order Markov chain. The Markov chain assumes that the next state depends
only on the current state and not on the sequence of events that precedes it. This
mechanism makes the regime switching model suitable to describe the occasional,
discrete shifts during different time periods, such as the phenomenon of regime
change.
There are several reasons for why regime switching models are popular in
financial modelling. First, in the view of Ang and Timmermann (2012), the idea
of regime change is natural and intuitive. It is well documented that economies
experience regime changes, some of which are periodic and recurring, such as in
recessions and expansions. Others can be the result of unpredictable external
political and other events, which affect regime change in fixed income, equities
and foreign exchange markets. In the original application regime switching model,
Hamilton (1989) successfully described cycles of economic activity in the various
cycles of recessions and expansions of the financial market.
The second reason is that regime switching models can capture stylized be-
haviour from financial series data, such as fat tails, ARCH effects, skewness and
time-varying correlations (Ang and Timmermann, 2012). Even when the model
is unknown, regime switching models can provide a general approximation for
underlying trends. Thus, the regime switching model is capable of capturing such
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non-linear effects like regime changes. This makes price trends become visible
so that the framework of regime changes can be observed. The regime switching
model is therefore suitable for explaining distinct patterns during different time
periods.
While most researchers have used regime-switching models to establish eco-
nomic regimes, the significance of these models has always been valued. However,
these models are mostly established based on time series analysis. In this thesis, a
new approach is proposed to detect regime change, which is established based on
an alternative approach of recording price movements, called Directional Change
(DC).
2.2 Directional Change
Financial data contains valuable information that is related to the health of
the financial markets. Since both financial theory and its data contain an element
of uncertainty, statistical theory and methods of analysis are required in financial
data analysis (Tsay, 2012).
In the study of financial data, different methods can be applied to analyse a
series of data. Many analytical approaches have been used to study and analyse
price series under time series analysis. A time series is a series of data points
sampled in time order. Under time series, the way to record price series is to
sample data points at fixed time intervals. First we choose a time interval, and
then record the data point at the chosen time interval. For example, we can have
12
daily, monthly or annual data. In such cases, time intervals play an important
role in time series analysis. For instance, most financial studies involve returns
of assets. Therefore, the actual time interval is important in calculating and
discussing returns (e.g., daily return, monthly return or annual return) (Tsay,
2012).
By contrast, Directional Change (DC) is a data driven approach for studying
and discovering stylised facts in financial data. It allows us to study financial
time series in a data-led and uneven time intervals, which means DC let the data
dictate when to sample the data points.
The unique feature of DC is that only the important and significant movements
of the market need to be concentrated on. Once a careful defining of the value of
the threshold is made, irrelevant details of price evolution are eliminated (Aloud
et al., 2011). As it is the case that financial time series occur at uneven and
unpredictably spaced times.
There are several reasons for why DC is a suitable approach to study financial
data. First, DC is an ideal approach for sampling data at irregular time intervals.
For example, the Foreign Exchange market (FX) is open 24 hours a day, 7 days
a week (Aloud et al., 2011). This creates high frequency data (HFD), and the
transactions in the FX market vary at different time units of a day. A common
way to summarise HFD is to choose a time interval (e.g., hourly, daily or monthly),
and then interpolate data points in the time interval. This process runs the risk
of losing important information within each time interval.
However, with DC, an event-based approach, researchers are able to handle
13
HFD without losing important information. This is because with DC, the data is
sampled at its peaks and trough according to the size of a pre-defined threshold.
By choosing different thresholds, researchers are allowed to concentrate on the
periods that are considered as important.
Second, the DC approach enables researchers to discover new patterns in the
financial market, which cannot be observed by using time series analysis. For ex-
ample, Glattfelder et al. (2011) discovered 12 new scaling laws in foreign exchange
markets, which are established based on the DC approach. The new laws extend
the catalogue of stylized facts in financial research and enable us to discover new
regularities in the financial markets. It proves that DC provides a new angle to
explain the market mechanisms, which inspired us to study the mechanisms of
regime change in the financial markets with this approach.
2.2.1 The Concept of Directional Change
Guillaume et al. (1997) first introduced the concept of DC, as an alternative
approach to sample data points. It was used to study stylized facts in FX markets.
This concept has also been used by traders, under the name of Zig Zag indicator
(Sklarew, 1980). Analysts and traders have applied it to remove unnecessary
noise in price movements. A formal definition of DC is then provided by Tsang
(2010), which is summarised as follows.
Unlike time series, which samples data points at fixed time intervals, DC
samples data points at their peaks and troughs in their movement (Tsang, 2017).
Under DC, price movements are defined by two types of events: Directional
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Change (DC) Event and Overshoot (OS) Event. And with a pre-defined
Threshold, every price curve can be dissected by these two components.
When summarising price movements using DC, the value of the threshold
needs to be pre-defined. The value of the threshold (a percentage), is defined by
the observer. It represents how big of a price change the observer consider as
significant. Since observers may considers different magnitudes of price change
to be significant, they may observe different DC Events and OS Events as data
dictates when a DC Event takes place.
A DC Event will be confirmed when the price change reach the threshold.
For example, if the price movement is on an uptrend, a DC Event is confirmed
whenever the price drop from the last highest price point (peak). Similarly, if the
price movement is on a downtrend, a DC Event is confirmed whenever the price
rise from the last lowest price point (trough).
However, a DC Event is not usually immediately followed by an opposite DC
Event, but by an OS Event. An OS Event records the price movement from one
DC Event to the next. An OS Event is completed while the next DC Event takes
place.
Figure 2.1 illustrates the basic concept of DC. Price movements are partitioned
into uptrend and downtrend. Uptrend and downtrend correspond to the price in
the financial market falling and rising. An uptrend consists of a DC Event and
an OS Event (from point A to C). A downtrend is then began from point C.
When the price changes from point A to point B, the price change reach a
threshold θ, then a DC Event is confirmed. Point A is then considered as an
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Extreme point (EXT). And Point B is considered as a Directional Change
Confirmation point (DCC). Similarly, the next DC Event is confirmed at point
D. The price movement between two DC Events is considered an OS Event (from
point B to C).
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Figure 2.1: A hypothetical example of summarising price movements under DC.
Let Pt to be the current price point in the market. A DC Event is calculated
as:
∣∣∣∣Pt − PEXTPEXT
∣∣∣∣ > θ, (2.1)
where PEXT represents the price at extreme point and θ represents the thresh-
old.
16
2.2.2 Research using Directional Change
Since the concept of DC was introduced by Guillaume et al. (1997), numerous
research studies have been conducted under DC. In this section, we review some
of the most significant empirical research using DC.
One of the most significant findings in DC is the discovery of new scaling laws.
Scaling laws describe the proportional relationship between parameters associated
with an object (or system) (Ghosh, 2011). It is useful to find regularities in
nature. Guillaume et al. (1997) first proposed a new scaling law for DC, which is
considered as a new quantity to measure volatility, for the description of the price
evolution. In contrast with the volatility ratio in time series analysis, it provides
an alternative measure of risk.
Later on, another 12 new scaling laws were reported by Glattfelder et al.
(2011). More studies on scaling laws and stylized facts in financial markets can
be found in the literature (see Aloud et al., 2011; Aloud et al., 2013; Masry, 2013)
The discovery of scaling laws help us to understand stylized facts in the financial
market under DC, and enable researchers to discover new regularities which are
not observable in time series analysis.
Another research direction under DC is about forecasting. Bakhach et al.
(2016) focus on the problem of forecasting the price trend’s future direction un-
der the DC framework. This study proved that directional changes are predictable
and provided an independent variable for forecasting under DC. It lays the foun-
dation for establishing trading strategies based on DC.
The third important research angle is to develop algorithm trading strategies
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based on DC. Based on stylized facts observed under DC, Golub et al. (2018)
designed a profitable automated trading model, which is called the Alpha Engine.
The authors states this investment strategy not only generates profits, but also
provides liquidity to financial markets.
Apart from the Alpha Engine, various studies have been conducted on es-
tablishing trading strategies based on DC (see Aloud and Fasli, 2017; Ao, 2018;
Bakhach et al., 2018a; Bakhach et al., 2018b; Bakhach, 2018). These studies
demonstrate an important point: profitable trading strategies can be developed,
and benefit from observing new regularities in financial markets using DC.
As discussed in Guillaume et al. (1997), DC provides an alternative way to
measure market volatility. Inspired by this, various useful market indicators have
been proposed to extract information from financial data. Bisig et al. (2012)
proposed a probabilistic indicator to quantify market activity, the so-called scale
of market quakes (SMQ). This indicator is found useful for detecting crises and
regime shifts.
To thoroughly describe price movements and measure the market volatility,
Tsang et al. (2017) proposed a set of market indicators under DC. The authors
argued that these market indicators are useful for profiling markets under DC.
In this thesis, we employed some of the market indicators in Tsang et al. (2017),
to measure regime changes in financial markets, which are described in the next
section.
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2.2.3 Directional Change Indicators
There are various ways to measure asset volatility, but for a price series, the
volatility is not directly observable (Tsay, 2012). Therefore, statistical methods
are needed to measure market evolution.
Tsang et al. (2017) introduced a set of indicators under the DC framework.
In contrast with the volatility ratio in time series analysis, DC indicators are
considered as a complementary way to extract information from data. In this
section, we summarise three DC indicators: TMV, T and R, which are then
applied to detect regime change in our research.
Total Price Movement (TMV )
This indicator measures the absolute percentage of the price change in a trend.
As shown in Figure 2.1, TMV is used to measure the percentage change from point
A to point C, normalized by the threshold. It usually measures the total price
change of a DC event and an OS event. It is defined as:
TMVEXT (n) =
∣∣∣∣PEXT (n)− PEXT (n− 1)PEXT (n− 1)× θ
∣∣∣∣ , (2.2)
where PEXT (n) represents the price at nth extreme point, and θ is the thresh-
old defined by researchers.
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Time for completion of a trend (T )
This indicator measures the amount of the physical time that it takes to
complete a TMV trend. As shown in Figure 2.1, it measures the time from Time
3 to Time 9. It is defined as:
T (n) = tEXT (n)− tEXT (n− 1), (2.3)
where tEXT (n) represents the time at nth extreme point.
Time-adjusted return of DC (R)
This indicator measures the absolute return in a trend. It is calculated by
dividing the absolute TMV by the time interval T . It measures the percentage
of price change per time unit:
R(n) =
TMVEXT (n)
T (n)
× θ, (2.4)
where R(n) represents the value of the time-adjusted return of DC at nth
extreme point.
As reported in Tsang (2017), these three market indicators have the ability
to measure market volatility. For example, TMV measures the magnitude of the
price change in each change. Higher magnitude indicates a more volatile market.
Inspired by this, we employed the DC approach and its indicators to study regime
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changes in this thesis. It is worth to note that, the absolute values of TMV and
R will be used throughout the thesis
2.3 Machine Learning Techniques
In this, we will introduce two machine learning techniques: the hidden Markov
model and the naive Bayes classifier. These two machine learning models will be
used and combined with DC approach to study regime changes in this thesis.
2.3.1 Hidden Markov Model
In the previous section, we discussed how to extract statistical properties
through the DC approach. Here, we focus on how to apply hidden Markov models
(HMMs) to detect regime change through these statistical properties.
The theory of the HMM was first introduced in the 1960s and 70s (Baum
and Petrie, 1966). It was then widely applied in various areas, such as engi-
neering, speech recognition, computational biology and physical sciences. In its
applications to the economy, two sequences are considered to exist in the market:
the underlying market regime sequence, which remains hidden, and the price se-
quence, which is observable for all participants. The aim of the HMM is to infer
the hidden sequence of market regime by analysing the observed price sequence.
Hamilton (1989) adapted the HMM to model changes in financial regimes. He
drew the probabilistic inference about whether and when the market regime may
have occurred, based on the visible behaviour of the data. By applying the model
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to the data of the post-war US’s real Gross National Product (GNP), he suggested
that there was a periodic shift from a positive growth rate, to a negative growth
rate in the US business cycle. As a result, he indicated that the market fell into
recession in 1957-58 and 1979-80, due to the oil price increase in 1957 and the
Iranian revolution in 1979.
Related work on the HMM was done by Ghysels (1994). He used the HMM
to test whether an economic recovery is equally likely to occur in any particular
month of the year. With the HMM, the probability of observing a sequence can
be computed. He used the data for business cycles in his work. The result shows
that the market has unequal probabilities to switch from recession to expansion,
and the economic recovery has a higher chance to occur in the spring and the
month of December. Thus, a usually unobservable seasonal pattern is found in
business cycle durations by using the HMM, which is quite different from the
result of the common linear time series models.
The HMM also can be used in asset allocation. For example, Kritzman et
al. (2012) showed a way to apply the HMM to forecast market regimes. Their
approach is different from other studies as they did not directly model regimes in
asset return. Instead, they built the model for a set of economic regime variables:
market turbulence, inflation and economic growth. Moreover, they built a set of
regime dependent investment strategies, and backtested their performance in the
out of sample period. Evidence shows that by using different strategies on the
basis of disparate regimes, investment performances are significantly improved.
In our view, the central new feature of our work is the combination of using
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the observed variables under DC together with the hidden Markov model (HMM).
Given the oscillation of the financial market between expansion and contraction,
and the regime changes that brings with it, the HMM is a well-suited model for
gaining insight into those changes of market regime.
Definition of HMM
A HMM is a statistical model which enable us to relate a sequence of observa-
tions to a sequence of hidden states (Rabiner, 1989). In a HMM, we assume that
there are two types of sequences: a sequence of observations and a sequence of
hidden states. The observation sequence is visible to the observer, but the state
sequence is not directly observable, in other words, it is hidden from the observer.
The HMM is based on the assumption of the Markov chain(Jurafsky and
Martin, 2018). A Markov chain is a stochastic model which describes a sequences
of events in which the probability one event only depends its previous event. The
Markov assumption can be described as:
P (qi = a|q1...qi−1) = P (qi = a|qi−1) (2.5)
The HMM assumes that the state sequence follows a a first-order Markov
chain. That means the probability of a particular state depends only on the
previous state. In summary, a HMM is a statistical model that allows us to
consider both the observed data and the hidden states. In many cases, the events
that we are interested in are hidden: we don’t observe them directly. The HMM
allows us to discover the hidden states, given the sequence of observations.
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Parameters of HMM
The general structure of a HMM is described in Figure 2.2. The model is
described by three parameters. The first one is the transition probability matrix
A, where A = aij...aNN , each aij represents the probability of moving from state
i to state j. Since the HMM assumes that the transition between any two states
follows a Markov chain, the probability of one state depends solely on the previous
state.
The second parameter is a sequence of observation likelihoods B, where B =
bi(Ot). It is also called the emission probabilities, which represents the probability
of an observation Ot being generated from a state i.
And the last parameter is the initial probability distribution pii, which is the
probability that the Markov chain will start in first state i (Jurafsky and Martin,
2018).
Figure 2.2: A general structure of a hidden Markov model.
Given a sequence of observation O, the purpose of using a HMM is to find the
“hidden” sequence S. To do that, we need to learn the parameters of an HMM,
that is the transition probability matrix A and the emission probabilities B. The
input to the learning algorithm would be an unlabelled sequence of observations
O and the number of potential hidden states S. For example, in this thesis, two
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hidden states are considered to occurred in the financial market. Thus, the state
variable could either be S1 or S2.
From the observed data, we want to learn the sequence of hidden states as
well as the emission probabilities. We want to find a sequence of hidden states
and the emission probabilities that maximally fits the observed data.
For this purpose, we apply a HMM package called depmixS4, which imple-
ments the HMM in R programming language (Visser and Speekenbrink, 2010).
It applies the iterative Expectation-Maximization (EM) algorithm by default, to
learn both the transition probabilities and the emission probabilities of the HMM
from the input data.
Expectation-Maximization (EM) Algorithm
The standard algorithm for HMM learning parameters is the forward-backward,
or Baum-Welch algorithm. It is a special case of the Expectation-Maximization
algorithm (or EM for short) (Jurafsky and Martin, 2018).
The algorithm let us learn both the transition probabilities matrix A and the
emission probabilities matrix B of the HMM. It is an iterative algorithm. At first,
it computes an initial estimate for the probabilities, then using those estimates
to compute a better estimate, and so on, iteratively improving the probabilities
that it learns, until it finds both the transition probabilities and the emission
probabilities that best fits the input data (Jurafsky and Martin, 2018).
Before implement the algorithm, we need to make an assumption that the
observation sequence is governed by two Gaussian distributions. This is because,
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in this thesis, we assume that the hidden state sequence consist of two types of
regimes, the state variable could only be S1 or S2. And the observation sequence
is continuous data, which is assumed to follow Gaussian distributions. Therefore,
the observation sequence can be represented by two Gaussian distributions.
Given a sequence of unlabelled observations, the task of the EM algorithm is
to, first, estimate which state the individual observation belongs to, and second,
estimate the parameters of the two Gaussian distributions. There are also param-
eters of the HMM, where the transition probabilities A are the likelihoods of state
change, and the emission probabilities B are the two Gaussian distributions.
The EM algorithm iteration performs between two steps: the expectation step
or E step, and the maximization step, or M step. First, the algorithm will start
with an initial estimate of the parameters of HMM λ = (A,B). Then, in the
E step, given each input data, the expect value of the emission probability and
transition probability are computed. In the M step, those computed probabilities
are then used to re-estimate the new HMM parameters A,B. Then the algorithm
will repeatedly carry out these two steps until convergence.
2.3.2 Naive Bayes Classifier
Our other innovation, which is explored in Chapter 5 in this thesis, is to track
the on-going regime changes in the markets. In particular, we want to track the
market to see whether the market is entering into an abnormally volatile regime,
using both the information of historical regime changes and the financial data
that is observed up to present. This is because we consider the regime changes in
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the past can provide some useful information about the regime changes at present.
The naive Bayes’ classifier (NBC) offers the ability to solve this kind of prob-
lem. The model is established based on applying the Bayes’ theorem, which is
named after Reverend Thomas Bayes, who first provided an equation that allows
new evidence to update beliefs (Bayes et al., 1991). The NBC allows us to de-
scribe the probability of an event, based on the prior knowledge of status that
might be related to this event. In our case, the model enable us to calculate the
probability of the market being in a particular regime, based on the information
of previous regime changes.
The NBC is a statistical algorithm for the classification task. It simplifies
the computation involved by assuming all features are independent given class.
This assumption is called class conditional independence, and this is why the
model is considered “naive” (Leung, 2007). Although this is a strong assumption,
in practice, the NBC often performs better than more sophisticated classifiers
(Rish, 2001).
Definition of Naive Bayes Classifier
The naive Bayes’ classifier is a statistical classification model which is estab-
lished based on Bayes’ theorem. The mathematical form of Bayes’ theorem is
described as:
p(A|B) = p(B|A)p(A)
p(B)
(2.6)
where A and B represents two events. p(A|B) represents the conditional prob-
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ability of event A given that event B has occurred. Similarly, p(B|A) represents
the conditional probability of event B given that event A has occurred. p(A) and
p(B) represent the probability of observing event A and B, respectively.
With the application of the Bayes’ theorem, the classifier allows us to calculate
the likelihood that an event will occur, based on the prior knowledge of conditions
that might be related to the event. In this thesis, it allows us to calculate the
likelihood of the occurrence of a market regime, based on the information of
previous regime changes. Using the Bayes’ theorem, the NBC is constructed as
follows:
p(Ci|x) = p(Ci)p(x|Ci)
p(x)
(2.7)
where p(Ci|x) is the probability of a particular class Ci is occurred given that
the observed variables x is seen. p(x|Ci) is the conditional probability that an
event belonging to Ci has associated observation variables x. p(Ci) is called the
prior probability that an event Ci is occurred, regardless of the x value. p(x) is
the marginal probability that the observation variables x is seen (Alpaydin, 2014).
Classification using the NBC includes two phases, the training phase and the
testing phase. In the training phase, the model is trained to a given data set.
And in the testing phase, the model is used to classify data with an unknown
label. For example, suppose we have a training set of samples x, and the class
label of each sample is denoted by C. The model works in the following steps:
(i) calculate the prior probability for the given class label p(C), (ii) calculate the
condition probability of each sample for each class p(x|C). (iii) combine these
value using the Bayes’ theorem to calculate the posterior probability p(C|x).
Chapter 3
Regime Change Detection Using
Directional Change Indicators
A regime change is a significant change in the collective trading behaviour in a
financial market. Being able to detect the occurrence of regime change could lead
to a better understanding and monitoring of financial markets. In this chapter,
a novel method is proposed to detect regime change, which makes use of a data-
driven approach, that of Directional Change (DC).
Compared to the conventional approach of using time series analysis, DC is
an alternative approach to sample price movement. As variables observed under
time series do not apply to DC, our first contribution is the identification of
a new relevant indicator for regime change detection. Our second contribution
is the comparison of both the DC approach and time series analysis, and their
ability to achieve regime change detection. The ability of both approaches in
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regime change detection is examined over a period of market uncertainty, that
of Brexit, in June, 2016. The results demonstrated that the DC approach is as
effective as the time series approach in detecting regime changes. Moreover, the
DC approach is encouraging because some market regime changes are detected
under DC, that are not found under time series. That means they support each
other in the detection of regime changes, and can also provide extra information
to complement each other. Together, regime changes detected under both DC and
time series provide a better insight into the market, which market participants
and regulators could benefit from.
This chapter is organised as follows: Section 3.1 introduces our motivation
to study regime changes based on the approach of Directional Change. Section
3.2 describes our designed approach to recognise regime changes. The process
of the experiment is presented in Section 3.3. The results of the experiment are
discussed in Section 3.4. Section 3.5 concludes this chapter.
3.1 Introduction
The booms and crashes in financial markets have profound social and political
implications. Such changes are often associated with events like financial crisis
or abrupt changes in government policy (Hamilton, 2010). In order to detect
such significant changes, researchers monitor the statistical properties of price
movements in financial markets. For example, the mean, volatility and correlation
patterns in stock returns are found to be different at the beginning of, the middle
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of, and the end of the global financial crisis of 2008-2009 (Ang and Timmermann,
2012). And when such statistical properties change significantly, researchers say
that the market has gone through a regime change (Hamilton, 2010; Ang and
Timmermann, 2012; Kritzman et al., 2012).
In this thesis, regime change is considered to occur as a result of changes in
trading behaviour among the traders. Unfortunately, in reality, one can never
directly observe the changes in trading behaviour. Alternatively, one can only
observe price changes in a market. One could attempt to observe a change of
traders’ behaviour indirectly by observing the price movements in a market. If a
change in the statistical properties of the price movement is observed, then it is
possible to conclude that a regime change has taken place. This is the approach
taken by most researchers.
Regime change is usually measured under the framework of time series (Piger,
2009). Hamilton concluded that time series can show the dramatic breaks in
market behaviour during economic downturns. He proposed a regime switching
model to measure such abrupt changes in economic variables (Hamilton, 2010).
Regime switching models are time-series models, in which parameters are al-
lowed to take on different values in a number of regimes (Piger, 2009). These
models usually measure regime changes based on the statistical properties that
were observed under time series.
Ang and Timmermann applied the regime switching model to equity returns,
interest rates, and foreign exchange returns, and discussed how regime changes
are modelled (Ang and Timmermann, 2012). They concluded that regime changes
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could be a result of a change in economic policy or a major financial event, such
as the bankruptcy of the US investment bank Lehman Brothers in 2008. An-
other suggestion is that changing market regimes could also be driven by investor
expectations.
Regime change presents significant challenges to investors: what is the perfor-
mance of their trading strategies generally depends on the market continuing to
behave as before. This assumption is especially important for trading algorithms
that rely on machine learning. When the collective trading behaviour changes
in the market, trading strategies may need to change. Therefore, those who are
able to recognise when there is a regime change would have an edge over those
who cannot. Kritzman et al. (2012) demonstrated how to apply regime switching
models to forecast regime changes in the market (Kritzman et al., 2012). They
found that regime based asset allocation could help investors to avoid large losses
and deliver significant benefits. Being able to recognise regime changes could also
help regulators to monitor the market and react when necessary to maintain its
stability. Thus, being able to detect regime change is useful for both traders and
regulators.
Since most of the studies of regime change are based on the framework of
time series, in this thesis, a data-driven approach is chosen to recognise regime
change in the financial market, that of Directional Change (or DC for short).
This approach differs from the conventional studies in that it does not rely on the
statistical properties found in time series. By contrast, it measures the statistical
properties that are observed under different price events, which are defined under
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the framework of DC (Guillaume et al., 1997). Details of DC was introduced in
Section 2.2.
DC is an alternative approach to the recording of price movements. The pio-
neering works on this have shown that DC provides a way to extract information
from data (Tsang et al., 2017). Also, the indicators that are developed under the
framework of DC allow us to observe features that may not be recognised in time
series (Tsang et al., 2017). Encouraged by that finding, the DC approach and one
of the DC indicators are chosen in this research chapter to detect regime change.
The proposed approach includes two parts: first, the statistical properties of
the price movements are observed through the DC approach and summarised by
one of the DC indicators, namely DC Return (or R for short). Second, different
market regimes are discovered from the DC indicator through the hidden Markov
model (HMM). The model is used to learn “hidden states” from the input data.
Thus, the data from the same state belongs to one regime, and the change between
states is considered as regime change.
Detecting regime change under the DC approach is replicating what is done in
time series: observing the statistical properties taking place in price movements.
The only difference is that the statistical properties are observed under DC. Since
the method using DC is a departure from the usual way for the study of regime
change, some questions may be raised: By observing statistical properties defined
under DC, could we detect regime change? Would regime change detected under
DC be the same as regime change detected under time series? Or would they be
different? And how can people benefit from the study of regime change?
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To answer these questions, the DC approach and the time series approach
were both used for testing whether regime changes occurred during the period of
Brexit, or the UK’s referendum over continuing membership of the EU on June
23, 2016. Results were announced on June 24, with the remain side expected to
win. But after the exit campaign won, David Cameron, the Prime Minister then
resigned. Theresa May was later elected by the conservative party to become
the new Prime Minister. Such political upheavals caused the British pound to
plunge to a 30-year low on the day UK voted to leave the European Union, and
there were big sell-offs in the global stock market (Parker et al., 2016). How did
the financial market react to these political changes? Did it go through regime
changes? If so, when was it the market entered a new regime? Did the market
return to the original regime afterwards? In an attempt to answer these questions,
we looked at the data from the foreign exchange market from May to July, 2016.
We wanted to see what the data told us about this dramatic period of upheavals.
This study presents an approach under the DC framework for detecting regime
changes. Under the DC approach, the DC indicator was not only able to detect
regime change during the Brexit period, which was also detectable under time
series, it was also able to pick up regime changes in the market, which was not
detectable by the time series indicator. We therefore argue that we have added
an useful tool for regime change detection.
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3.2 Methodology
In this section, we proposed an approach to detect regime changes under
the DC framework. This approach is contrasted to the conventional time series
approach. We emphasise that this is not a comparison for which is the better
approach, DC or time series. The aim is to find out whether the two approaches
together would enable us to pick up more useful signals from the data; in other
words, whether one could gain by looking at the data from two sources.
Figure 3.1 shows the procedure of our methodology. Both DC and time se-
ries would both start with the same data. Under the DC framework, data is
summarised as DC events (uptrends and downtrends). Then we measure the R
of each trend. These R values are fed into the Hidden Markov Model (HMM)
for regime change detection. And under the time series framework, a 5-minutes
series is extracted from the data. Returns for each of these 5-minutes periods are
then computed. Based on these returns, the daily volatility is computed. These
volatility values are fed into the HMM for regime detection. In the following we
shall elaborate each of these processes.
Under DC, the price movement is summarised under a pre-defined threshold.
Glattfelder et al. (2011) point out that the power law is exhibited in DC obser-
vations (Glattfelder et al., 2011). This suggests that, by and large, the same
stylised facts can be observed under different thresholds. Therefore, throughout
this chapter, the threshold value is arbitrarily set as: θ = 0.4%.
Then, the DC indicator and the time series indicator will be fed into the HMM
with the same set-up:
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Financial Data
DC approach Time Series
DC indicator: R
Time series
indicator: RV
HMM HMM
Compare
the result
Figure 3.1: The procedure of our methodology.
1. DC indicator: R
2. time series indicator: realised volatility RV
The aim of the experiment is to detect regime change from the corresponding
indicators in both DC and time series using HMM. While implementing the HMM,
the number of states and the sequence of observation data needs to be decided.
Since the observation data in this chapter is continuous rather than discrete, we
use the Gaussian distribution for the model density. Here, a HMM with two
states is used. It means that only two regimes are assumed to have occurred in
the market: Regime 1 or Regime 2. This is justified by the fact that we only
cover a relatively short period of time (two months).
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3.2.1 DC Indicator
Under the DC approach, the DC indicator R is used as the observation data in
the HMM. The chosen DC indicator was found by trial and error. It measures the
return for each price trend. It not only measures the total price movements of each
trend (Total Price Movement, denoted by TMV), but also measures the Time
it takes to complete the trend (denoted by T). It reflects both the magnitude and
the time duration of price movements, which are orthogonal measures of volatility
under DC. The input and output of the model are as follows:
1. Input: the absolute values of the DC indicator R for each DC trend, where
trends are generated using second to second data with a threshold θ = 0.4%.
2. Output: the state symbol of each input data (either Regime 1 or Regime
2).
In this experiment, the DC indicator R is log-transformed as following:
LR[t] := log(R[t]), (3.1)
where the L represents the log transformation of the DC indicator and R[t] rep-
resents the value of R at time t.
3.2.2 Time Series Indicator
For the time series approach, the realised volatility RV of the data is used
as the input of the HMM. Realised volatility is one of the common time series
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tools to measure volatility from high-frequency financial data (Tsay, 2012). The
mechanism of realised volatility is simple: the daily realised volatility is simply
calculated by summing up intra-day squared returns. In this chapter, we are
calculating the daily realised volatility based on the 5-minute log return.
Suppose rt is the 5-minute log return of an asset at time t. Then the realised
volatility RV can be defined as:
RV (t) =
n∑
i=1
r2t (i), (3.2)
where n is the number of 5-minute log return in one trading day.
The input and output of the model are as follows:
1. Input: realised daily volatility RV computed by 5-minutes returns within
the day.
2. Output: the state symbol of each input data.
Finally, the regimes that are detected by the DC indicator are compared with
the regimes that are detected by the time series indicator.
It is worth noting that, since volatility can only be computed by a series
of returns, we use daily volatility (computed from 5-minutely returns) in time
series. Under the DC framework, we input to HMM the R per trend. Since we
used second-by-second data to compute DCs, we could theoretically detect regime
changes by their seconds. The same is not possible in time series. Even if we use
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second-by-second returns to compute returns, we can only compute volatility over
a period of time (say per minute).
3.3 Experiments
3.3.1 Data Sets
A second-by-second database is used in this experiment, which composed of
three currency pairs: EUR-GBP, GBP-USD and EUR-USD 1. The data spanned
two months, from May 23, 2016 to July 22, 2016, which covered the UK’s EU
referendum, which took place on June 23, 2016. We wanted to see if regime
changes took place following the unexpected result of the referendum. For the
DC approach, the DC indicator was calculated based on the second-by-second
observed closing price. For the time series approach, the indicator was calculated
based on the 5-minute log return.
3.3.2 Hidden Markov Model
In order to detect regime change from our input data, we made use of the
Dependent Mixture Models package in R (depmixS4) (Visser and Speekenbrink,
2010). The process was organised as follows:
1. Fitting a hidden Markov model to our input data (see Section 3.2).
1The data which was used in this chapter is provided by the Centre for Computational
Finance and Economic Agents (CCFEA), University of Essex. It was purchased from Kibot, a
data vendor. This contains tick-to-tick data.
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2. Determining the posterior probability of being in one of two market regimes
(Regime 1 or Regime 2).
3. Determining the state symbol (Regime 1 or Regime 2) of each input data.
3.4 Empirical Results
In this section, we present the results of regime changes that are detected
under both DC and time series. It is clear that choosing the number of regimes
is a challenging problem of regime detection. Here, we decide to detect two types
of regimes from our datasets. Thus, a two-state hidden Markov model is used.
The data will be classified into two regimes: Regime 1 and Regime 2. Under DC,
the trends in Regime 2 carry higher DC returns R (as illustrated in Figure 3.2a).
Under time series, higher volatility is exhibited in the market in Regime 2 (see
Figure 3.2b).
3.4.1 EUR-GBP
Figure 3.2 depicts the detected regime changes of EUR-GBP. Details of the
regimes are shown in Table 3.1. Price movements are classified into two regimes:
Regime 1 and Regime 2. These regimes are detected using DC indicator and time
series indicator individually.
Under the use of the DC indicator, two regimes are established (see Figure
3.2a). Figure 3.2a shows that HMM classified the market to be in Regime 2 when
the return R is high, Regime 1 when the return is low. Regime 2 starts from June
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23 to June 24, which covered the period of the UK’s EU referendum. Thus, this
regime might have been triggered by the UK’s EU referendum, which took place
on June 23, 2016.
A second regime change was picked up on July 14, 2016. But that only lasted
within a day. This regime is considered to have been triggered by the following
events:
1. The Bank of England (BoE) decided to hold its benchmark rate at 0.5% on
July 14, 2016 (see Monetary Policy Summary and minutes of the Monetary
Policy Committee meeting ending on 13 July 2016 ).
2. Theresa May became the new British Prime Minister on July 13, 2016.
The BoE’s decision was announced on July 14, 2106, after its meeting ending
on July 13, 2016. Even though expectations had risen that the bank would
take action to mitigate the negative impact of Brexit, the bank still surprised the
financial markets by holding its benchmark rate (Giles, 2016). Sterling responded
to the decision by gaining 2.7 per cent against the dollar on the session (Giles,
2016). As a result, our indicator DC return R measured a significant jump on
July 14, and then indicated the regime change of the market from Regime 1 into
Regime 2 (see Figure 3.2a).
Furthermore, the second regime change might also have responded to a major
political event. That of Theresa May taking over as the next prime minister of
the UK on July 13, 2016, and our indicator measured a regime change on the
morning of July 14 (Sheffield, 2016).
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With the use of time series indicator, the periods with large volatility are
classified as Regime 2, periods with low volatility are classified as Regime 1 (see
Figure 3.2b). The HMM identified a regime change from June 23 to June 26. The
gap shown on Figure 3.2b was due to the fact that there was no trading on June
25. Significant changes in the daily returns emerged the day and the day after
the referendum results were announced.
Figure 3.2c contrasts the results between DC and time series. The intra-day
regime change picked up by DC was not shown in Figure 3.2c because we used
days as units there (volatility was computed in days in time series, as explained
above). Viewing the data from different angles, DC and time series were able to
spot different regime classifications in the market. This was to be expected. They
both picked up a regime change in the market, starting on June 23, 2016, when
the UK referendum was underway. This is encouraging, because their results
support each other. The differences in the boundary of regime change could help
traders to judge from two different perspectives, which would be useful.
3.4.2 GBP-USD
Figure 3.3 showed the resulting regime changes of GBP-USD under both DC
and time series. Details of the regimes are shown in Table A.1 in the Appendix
A. The data is also classified into two regimes. These regimes might have been
triggered by the following political and financial events:
1. The Gilt yields fell to a record low on June 13, 2016 (Martin and Hunter,
2016).
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Table 3.1: Time periods of regimes in EUR-GBP.
Directional Change: R
Number Regime 1
1 23/05/2016 04:50:46 - 23/06/2016 16:46:42
2 24/06/2016 12:15:31 - 14/07/2016 07:00:21
3 14/07/2016 09:44:16 - 22/07/2016 07:12:26
Time Series: RV
1 23/05/2016 - 22/06/2016
2 27/06/2016 - 22/07/2016
Directional Change: R
Number Regime 2
1 23/06/2016 17:01:59 - 24/06/2016 11:15:07
2 14/07/2016 07:03:12 - 14/07/2016 07:05:01
3
Time Series: RV
1 23/06/2016 - 26/06/2016
2
2. The implied sterling volatility surged toward its record high since the finan-
cial crisis in October 2008 (Martin and Hunter, 2016).
3. UK’s EU referendum took place on June 23, 2016.
With the use of the DC indicator, a few periods of Regime 2 emerged from
June 16 to July 14 (see Figure 3.3a, which does not show intra-day regime changes
because we use days as units there). Under time series indicator, two periods of
Regime 2 were found (see Figure 3.3b, where the gap on June 26 was due to no
trading on that day).
The periods of Regime 2 found under DC and TS are contrasted in Figure
3.3c. The results are similar to those in EUR-GBP. Both DC and time series
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picked up regime changes which started on June 23, the day when the UK voted
for Brexit. DC picked up a few intra-day regime changes, one of which overlapped
the first regime change under time series on June 19. Regime changes found under
DC and time series overlapped in major periods. There is a sufficient difference
to allow both approaches to co-exist to provide viewers with twin perspectives.
3.4.3 EUR-USD
Figure 3.4 shows regime change detected in EUR-USD. Details of the regimes
are shown in Table A.2 in the Appendix A. DC picked up one continuous period
of Regime 1 from June 23 to June 24, 2016 (see Figure 3.4a). A few more regime
changes were picked up in this data set under time series (see Figure 3.4b). Having
said that, they both picked up regime changes when the UK made its vote for
Brexit. The difference between DC and time series could help to enrich the
viewers’ insight into the market.
3.4.4 Distribution of the Indicator R
Apart from the general picture of the detected regime changes, there is also
a need to know how the DC indicator R would distribute in terms of different
regimes. Figure 3.5 shows the distribution of the DC indicator: R. For each date
set, the indicator is classified in terms of two market regimes. This shows that
the market regimes are not simply separated by the value of the indicator, but
are classified according to their distribution in the data set.
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3.4.5 Discussion
This experiment shows how regime change detection could provide a better
insight into the financial market.
First, meaningful market regimes are able to be found by using both the DC
approach and the time series approach. The foreign exchange market is proved to
respond to a major political event, in this case, the Brexit referendum. Results
show that under both approaches, regime changes are detected on June 23, 2016,
the day of the Brexit vote (see Figure 3.2, 3.3, 3.4). These regime changes illus-
trate how the foreign exchange markets are influenced by an unexpected political
event in terms of regime change.
Secondly, the DC approach complements the time series approach in regime
change detection. As they both start with the same data, regime changes observed
in DC and time series should not be completely different. Results show that they
overlap, especially over the Brexit announcement period. For example, using
the DC approach, a second market regime (Regime 2) is recognised from the
data of EUR-GBP, which runs from June 23 to 24. Correspondingly, under time
series, a Regime 2 is also recognised and sustained over the period from June 23
to 26. These two market regimes are detected under different frameworks, but
they both responded to the same political event, that of the Brexit vote, and its
announced result. This is encouraging, because it suggests that the variables that
we picked (volatility in time series, and R in DC) are relevant, and they picked
up meaningful signals, for identification.
However, the regime changes detected under these two frameworks are not
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identical. As DC and time series sample data differently, they should pick up
different signals, and therefore produce different results. For instance, one extra
regime change is detected under DC, which is not registered under time series
(see Table 3.1, the column of Regime 2). This is also encouraging, because the
two systems provide information to complement each other.
Thirdly, this experiment suggests that regime changes can be registered using
different criteria. Under the time series approach, regime changes are measured
using the daily volatility. And under the DC approach, the DC return is used to
measure the price movements. As both the time series and DC indicator both
picked up meaningful signals of regime change, these two chosen indicators are
proved to be useful in regime change detection. Results show that the price
movements did change in both volatility and in DC return. And together they
both confirmed that trading behaviour in the market did change significantly in
response to political and financial events.
In practice, market participants and regulators may apply time series and
DC independently for regime change detection, which would enhance their un-
derstanding of the market. Better detection of regime changes helps better mon-
itoring of financial markets. The next stage of our research is to detect regime
changes soon after it happens, which will contribute to building financial early
warning systems.
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3.5 Conclusion
This chapter presents an approach to detect regime change in the financial
market. This is the first attempt to detect regime changes under the DC frame-
work, which is different from the conventional time series approach. It is also the
first time a DC indicator was used in a hidden Markov model.
As variables observed under time series do not apply to DC, our first challenge
was to identify relevant DC indicators for regime change detection. We have
demonstrated that by using the DC return indicator R, regime change can be
detected through the hidden Markov model. We argue that this is a significant
break-through.
In our experiments, the DC approach (using the DC return indicator) is com-
pared to a time series approach (using the volatility indicator) in regime change
detection. Results demonstrated that the two approaches pick up regime change
periods that are similar with, but not identical to each other, in June 2016 over
the period of the Brexit referendum. To understand the results, one must realise
that R is a different way to measure volatility: the bigger the R value suggests a
bigger price changes in a shorter period of time. Under time series, we measure
volatility by the variance of returns. By using both DC and time series, one can
pick up similar, but not identical signals from the market. Used together, DC
and time series give us a better understanding of what happened in the market
over this period.
Both the DC and time series approach picked up regime changes on the day
before the Brexit referendum result was announced on June 24 2016. Both in-
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dicators suggest that traders reacted ahead of the results. The volatile regime
detected under time series lasted for three days, whereas, the volatile regime de-
tected by DC lasted for less than one day. This is because they determine regime
changes by different criteria (variance of returns in time series, R in DC).
In our experiment, the DC approach picked up regime changes which were
not registered under that of time series. For example, a second volatile regime
(Regime 2) is identified in the EUR-GBP data under DC, which was not detected
under time series (see Figure 3.2). This change of regime coincided with the news
of Theresa May becoming the British prime minister. In other words, during the
Brexit period, the DC approach did not only pick up signals that support the time
series approach, it detected signals which were not measured under time series.
Our analysis above serves as a proof of the concept of regime change detection
under the DC framework. We do not claim to provide a comprehensive analysis
of the foreign exchange market during the Brexit period; doing so goes beyond
the scope of this chapter.
To summarise, we have presented the first attempt to detect regime changes
under DC. We have identified an effective indicator (namely R) for regime change
detection. We have confirmed that the DC approach complements that of the
time series approach in regime change detection. Together, they allow us to
better understand the volatility changes in the market. The regime changes found
coincided with major political and financial events. Being able to recognise regime
change in the financial market allows us to have a better insight into the market.
Such insight could support future research in helping traders establish trading
strategies under different market regimes, and regulators to monitor volatility of
the market.
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Figure 3.2: Regime changes in EUR-GBP. (a) Regime changes under DC. (b) Regime
changes under time series (TS). (c) The comparison of regime changes under both two
approaches.
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Figure 3.3: Regime change in GBP-USD. (a) Regime changes under DC. (b) Regime
changes under time series (TS). (c) The comparison of regime changes under both two
approaches.
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Figure 3.4: Regime change in EUR-USD. (a) Regime changes under DC. (b) Regime
changes under time series (TS). (c) The comparison of regime changes under both two
approaches.
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Figure 3.5: (a) Distribution of the indicator R in EUR-GBP. (b) Distribution of the
indicator R in GBP-USD. (c) Distribution of the indicator R in EUR-USD.
Chapter 4
Classification of Normal and
Abnormal Regimes in Financial
Markets
When financial market conditions change, traders adopt different strategies.
The traders’ collective behaviour may cause significant changes in the statistical
properties of price movements. When this happens, the market is said to have
gone through “regime changes”. The purpose of this chapter is to characterise
what is a “normal market regime” as well as what is an “abnormal market regime”,
under observations in Directional Change (DC).
Our study starts with historical data from 10 financial markets. For each mar-
ket, we focus on a period of time in which significant events could have triggered
regime changes. The observations of regime changes in these markets are then
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positioned in a designed two-dimensional indicator space based on DC.
Our results suggest that the normal regimes from different markets share sim-
ilar statistical characteristics. In other words, with our observations, it is possible
to distinguish normal regimes from abnormal regimes.
This is significant, because, for the first time, we can tell whether a market
is in a normal regime by observing the DC indicators in the market. This opens
the door for future work to be able to dynamically monitor the market for regime
change.
The remainder of this chapter is organised as follows: Section 4.1 introduces
the objective of this chapter. Section 4.2 introduces the methodology for charac-
terising different types of market regimes. Section 4.3 describes our experiments.
Section 4.4 presents the results of the experiments and discusses our main findings.
Section 4.5 concludes the chapter.
4.1 Introduction
Prices in financial markets are records of transactions between market partic-
ipants. When significant political and economic events take place, traders may
have to adopt different trading strategies to counteract them. When that hap-
pens, their collective behaviour could change significantly – researchers call such
changes in the market “regime changes”. Regime changes can therefore be seen as
a reflection of significant changes in the statistical properties of price movements
in the financial markets.
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A common approach to detect what is regime change is to analyse the sta-
tistical properties of time series (Ang and Timmermann, 2012). Here, market
volatility is calculated over time. When volatility has changed significantly over
a period of time, we may conclude that regime changes have taken place.
Thus, Directional Change (DC) is an alternative way to that of time series to
summarise what are financial price movements (Glattfelder et al., 2011). Unlike
time series, under this approach the data is not sampled at fixed intervals. A
data point is sampled only when the market has changed direction. The market
is considered to have changed direction when the price has dropped by a certain
percentage (which is called the threshold) from the last market high point, or has
risen by the threshold, from the last market low point. In other words, DC and
time series are looking at the same data, but from different angles. Therefore,
there is no reason why one cannot detect regime change using DC series.
Tsang et al. (2017) introduced a number of indicators to measure volatility
in DC series. Based on these indicators, we introduced a new method to detect
regime changes under DC in our first research chapter, Chapter 3. Basically, this
approach was used to collect values of one DC-based indicator in a DC summary,
and put this data to a Hidden Markov Model, which classified the input into two
regimes. The details of this approach will be summarised in the next section.
Using this approach, we then discovered that there was regime change in the
wake of the Pound-to-Dollar (GBP–USD) exchange market after the British public
voted for Brexit, in June, 2016. The market became significantly more volatile
following when the result of the referendum was announced. For convenience, we
55
label the regime with greater volatility as an “abnormal regime”, as opposed to
the “normal regime” in which the market operated for most of the time.
The aim of this chapter is to investigate whether normal regimes in different
markets at different times share similar statistical properties. Being able to char-
acterise normal regimes is useful. This is because it would enable us to generalise
as to what are the results across different markets and times. It moves us one step
closer to being able to monitor the financial market to locate what is its regime
position while trading (this topic will be left for future research). For example, if
the market is moving away from the normal regime, a trader may consider closing
their position or adopting a different trading strategy.
4.2 Methodology
In this section, a new method is proposed to recognise what are the different
types of market regimes in the financial market. Firstly, financial data is sampled
by a data-driven approach, which resulted in a series of Directional Changes (DCs)
(Glattfelder et al., 2011). Values of a certain indicator are observed from the DC
series (Tsang et al., 2017). With values in this DC-indicator, the hidden Markov
model (HMM), a machine learning model, is employed to detect regime changes
(Tsang and Chen, 2018). Finally, new research with this chapter, is that the
periods of market regimes are profiled in a two dimensional DC-indicator space.
By observing the market regimes in the indicator space, we attempted to locate
the relative positions of normal regimes and abnormal regimes.
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4.2.1 Summarising Financial Data in DC
Simply put, traders buy and sell for profit in financial markets. And then the
transaction prices are recorded, which forms the basis of financial data. Trans-
actions also take place in irregular time, there may be many transactions in one
second, but none in the next. Thus, raw transaction data is therefore difficult to
clearly be able to reason from, because of its irregularity. Most researchers would
summarise the data using time series, where one data point is recorded at the end
of each fixed time interval. For example, the final price on each trading day can
be recorded as the “daily closing price”. Time series analysis is commonly used
to summarise financial data in this way.
This chapter adopts an alternative way to summarise financial data. It is based
on the concept of DC (Glattfelder et al., 2011). When summarising data under
DC, it is the observer who determines what constitutes a significant change in the
data. This significant percentage of change is called the “threshold”. Whenever
the price changes in the opposite direction of the current trend and reaches the
threshold, the extreme price is retrospectively recorded as a data point. Thus,
financial data is recorded as a series of trends, defined by the extreme points (i.e.
the peak and trough). Details of DC can be found in Tsang et al. (2017). By
recording data in this way, the use of DC makes sure that the significant changes
in the market are captured, whenever they occurred.
Figure 4.1 shows an example of summarising financial data under DC. When
prices change from A to B, if the change is greater than or equal to the thresh-
old, then AB is called a Directional Change Event (DC Event for short). Point
57
“A” is retrospectively recognised as an extreme point, which ended the previous
downtrend and started the current uptrend. From Point “C”, the price drops by
the specified threshold. Therefore, C ended the current uptrend and started the
next downtrend. The price movement from Point “B” to Point “C” is called an
“Overshoot Event” (OS Event for short). In other words, a trend (e.g. from “A”
to “C” in figure 4.1) comprised a DC Event and an OS Event. The market is thus
partitioned into a series of alternating uptrends and downtrends, which could be
read as the bull and bear markets that traders are familiar with.
Figure 4.1: An example of data summary under DC. The black curve describes the
daily price of the FTSE 100 index (32 trading days from 02/01/2007 to 14/02/2007).
The red lines describe the DC events and the green lines describe the OS events.
Therefore, to help with the analysis of DC series, Tsang et al. (2017) proposed
a number of indicators. Below, we introduce indicators used in this chapter. The
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percentage price change in a trend measured by an indicator is called “Total Price
Movement” (TMV for short). To allow us to compare DC series generated by
different thresholds, we normalised the price changes by the threshold θ:
TMV =
|Ps− Pe|/Ps
θ
(4.1)
where Ps is the price at the start of the trend, and Pe is the price at the end
of the trend.
The time that it takes to complete a trend is measured by another indicator
which is called “Time” (T for short). “Return” (R for short) takes the usual
meaning, which measures price change over time:
R =
|TMV | × θ
T
(4.2)
For example, in Figure 4.1, the price difference between point “A” to Point
“C” is the TMV in that trend, and the time that it takes to complete this trend
is T .
Overall, in a DC-based summary, the financial data is first sampled by two
types of events: a DC event, and an OS event, according to the value of the
threshold. And secondly, a number of indicators are used to extract the trading
information from these two events.
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4.2.2 Detecting Regime Changes through HMM
Building on our previous work (Tsang and Chen, 2018), the hidden Markov
model (HMM) was employed to detect regime changes from a series of DC indica-
tors. The idea was to use HMM to estimate the hidden and unobserved “states”
from the input data. In our case, the values of the DC indicator R were used as
input data to the HMM. The output of HMM were hidden states detected by the
model. Our interpretation, which was supported by significant political events,
was that different hidden states represent different market regimes (Tsang and
Chen, 2018).
As in our previous work (Tsang and Chen, 2018), a two-state HMM was
adopted in this study. It meant that the HMM will only infer two types of hidden
states from the input data. And to help us compare the market regimes across
different data sets, we label a market period with less fluctuation as “Regime 1”,
which is considered as a rather stable market period. Alternatively, a market
period with more sharp rises or falls in the price is labelled as “Regime 2”, which
is considered as a more volatile market period.
4.2.3 Comparing Market Regimes in an Indicator Space
A market regime represents the behaviour of a market during a particular
period of time. Market regimes across different financial markets may share sim-
ilar characteristics with each other. For example, the Regime 1 of the UK stock
market may have a similar performance to the Regime 1 of the US stock market.
One way to compare and contrast market regimes of different financial markets
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is to position them into an indicator space. If the position of a market regime is
close to another market regime into the indicator space, then one may conclude
that they are similar to each other. Furthermore, by observing enough numbers of
market regimes, one may be able to generalise where the normal regimes occupy
in the indicator space.
Figure 4.2 depicts an example of being able to position market regimes in an
indicator space. As mentioned above, the market regime is detected by adapting
the HMM. And the input data of the model is the data of the DC-based indicator
R, which is calculated by the other two DC-based indicators: TMV and T . Thus,
a period of one market regime can also be described by two DC-based indicators:
TMV and T . In Figure 4.2, a two-dimensional indicator space is constructed,
where the x-axis measured the average value of T , and the y-axis measured an
average value of TMV . The average T and average TMV can be measured in
each period within a market regime. Each period therefore occupies one position
in the indicator space. Five hypothetical periods of each regime are shown in
Figure 4.2.
Market regimes detected in different financial markets may vary in their TMV
and T . For example, in one market, the TMV could range between 1 and 6, but
in another market, TMV could range between 1 and 8. To relate the results
found in different markets, we normalise the values of the DC-indicators, before
positioning them into the indicator space. An approach called “feature scaling”
or “Min-Max scaling” is used here to normalise the range of the data (Aksoy
and Haralick, 2001). With this approach, the data of the DC-based indicators is
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Figure 4.2: A hypothetical example of an indicator space
scaled to a fixed range between 0 and 1. The formula of normalisation is given
as:
x′ =
x−min(x)
max(x)−min(x) (4.3)
Here max(x) and min(x) refer to the maximum and minimum values within
the observed data set for the particular market. For example, the maximum
and minimum value of TMV and T were observed for the EUR–GBP exchange
market over the period of data used, which were then used to normalise the
values of TMV and T of each period. With data normalised, it is possible to
retrospectively compare and contrast regimes from different markets.
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4.3 Empirical Study
We then attempted to characterise what are normal and abnormal market
regimes across different markets. To do so, we identify market regimes in dif-
ferent markets and in different periods. We compared the normal and abnormal
regimes from different markets in the normalised indicator space. We wanted to
see whether (a) normal regimes from different markets and different periods oc-
cupy similar positions in the normalised indicator space, and (b) whether positions
occupied by normal regimes are separated from positions occupied by abnormal
regimes across markets and time.
4.3.1 Data Sets
In order to characterise regimes across markets, ten different datasets were
examined (see Table 4.1). The data sets are selected on both daily (low fre-
quency) data and minute-by-minute (high frequency) data. They covered three
different asset types: stocks, commodities and foreign exchanges. The data that
was selected was because they were related to four interesting market periods,
where observable events took place (See the list below). During these periods of
time, volatility in the financial markets changed abruptly, which indicated the
possibility of observable regime changes in the markets.
1. The global financial crisis of 2007–2008.
2. The oil crash of 2014–2016.
3. The UK’s European Union membership referendum in 2016.
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4. The Chinese stock market turbulence of 2015–16.
Table 4.1: Data sets
Data Daily Data Minute-by-Minute Data
Financial
Crisis
2007-2008
Oil Crash
2014-2016
Brexit 2016 Chinese Stock
Market Tur-
bulence 2015-
2016
DJIA
√
FTSE 100
√
S&P 500
√
Brent Oil
√
WTI Oil
√
EUR–GBP
√
GBP–USD
√
EUR–USD
√
SSE
√
SZSE
√
For the study of the global financial crisis of 2007–2008, the closing price
of three major stock indices was selected: Dow Jones Industrial Average index
(DJIA), FTSE 100 index (FTSE 100) and S&P 500 index (S&P 500). These three
stock indices reflected the general trend of the U.S. and the UK stock market.
For the study of the oil crash of 2014–2016, the price of two primary oil bench-
marks were selected: the Brent crude oil and the WTI (West Texas Intermediate)
crude oil. Oil prices significantly affect the cost of global industrial production.
Brent oil represents about two–thirds of oil traded around the world, while the
WTI oil is the benchmark for the oil price in the U.S (Bain, 2013).
For the study of the UK’s EU referendum, three currency exchange rates were
selected: Euro to British Pound (EUR–GBP), British Pound to US dollar (GBP–
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USD) and Euro to US dollar (EUR–USD). The British pound fluctuated against
the euro and the dollar due to the uncertainty of the political events surrounding
Brexit.
For the study of the turbulence in the Chinese stock market, two major stock
market indices were selected: the Shanghai Stock Exchange Composite Index
(SSE) and the Shenzhen Stock Exchange Component Index (SZSE). The Chinese
indices were studied for comparison with the US and UK indices mentioned above.
We acknowledge that any time periods that we choose would have limitations.
The selected data includes periods before, during and after major market events.
This is because we want to see when regime changes would take place over periods
of market uncertainty and fluctuation.
4.3.2 Summarising Data under DC
Under the DC approach, different observers may use different thresholds to
sample prices. Here, for each data set, ten evenly distributed thresholds were
applied to summarise the financial data: 0.1%, 0.2%, 0.3%, 0.4%, 0.5%, 0.6%,
0.7%, 0.8%, 0.9%, 1.0%. This meant that each data set was independently sum-
marised with ten different thresholds. Thus, ten DC series were generated for
each dataset. With each DC series, values in three DC indicators were collected:
TMV , T and R.
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4.3.3 Detecting Regime Changes under HMM
As mentioned in Section 4.2.2, a two–state HMM was used for detecting regime
changes. The values of the indicator R were fed into the HMM, which segmented
the input period into two regimes, Regime 1, and Regime 2.
For the purpose of classifying the market regimes across different financial
markets, the market regime that represented a stable period of time was labelled
as Regime 1, or the normal regime, and the market regime that represented a
more volatile period of time was labelled as Regime 2.
Extracted from Tsang and Chen (2018), Figures 4.3 and 4.4 show examples
of market regimes detected from the Brexit period. With the DC approach, the
original price movement of the selected exchange rate, the euro against the US
dollar (EUR–USD), is summarised into DC trends. Then market regimes were
recognised through the HMM. The (short) time periods of Regime 2 were indicated
in red shades, and the remains of the time periods were recognised as Regime 1.
4.3.4 Observing Market Regimes in the Normalised Indi-
cator Space
In the previous step, market regimes are identified by the HMM. In order to
compare and contrast different market regimes from different data sets, we placed
the regimes on a DC indicator space. Earlier, we mentioned that the HMM used
the DC indicator R to detect regimes. Indicator R is computed by how much time
it took (which is measured by T ) to reach a certain level of price change (which
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Figure 4.3: An example of recognition of market regimes. The DC trends of the
exchange rate are presented in blue curves. The time periods of Regime 2 are indicated
in red shades, and the remains of the time periods are recognised as Regime 1.
is measured by TMV ). We proposed to compare and contrast regimes with these
raw measures, T and TMV . This would allow us to see more precisely how the
two indicators interact and contribute to the differences between regimes.
A DC summary is a series of alternating uptrends and downtrends. HMM
partitions the trends in this series into two regimes. A regime is a continuous
sequence of trends in the DC summary. In a DC summary, we measure the T and
TMV values of each trend (Tsang et al., 2017). After the trends are classified to
be Regime 1 or Regime 2, we computed the average T and TMV values for the
trends in each regime. Different markets and time periods may have had different
norms in their T and TMV values. Therefore, to compare regimes from different
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Figure 4.4: A zoomed-in version of the DC trends of EUR–USD.
markets, we normalised the T and TMV values as suggested in Equation 4.3
above.
The normalised average T and TMV values of each regime can be plotted onto
a two-dimensional indicator space. Figure 4.5 shows an example of the positions
of two market regimes in this two-dimensional space. In this example, trends in
Regime 1 had a normalised average T value of 3 and normalised average TMV
value of 3. Regime 2, on the other hand, had a normalised average T and TMV
values of 7 and 7, respectively.
By visualising the positions of the regimes in this indicator space, we aim
to observe similarities and dissimilarities between different market regimes in
different data sets, with the hope to be able to discover regularities.
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Figure 4.5: An example of describing market regimes in an indicator space.
4.4 Results and Discussions
So far, we have explained that under a given threshold, DC summarised a
data set into trends. HMM classified these trends into regimes, with each regime
comprising a sequence of trends. Each trend defined a TMV and a T value. We
computed the average TMV and average T values for each regime in each data
set. In this section, we compared the normalised TMV and T values of the two
regimes, from different markets and time periods.
For each data set, we computed the average TMV and T values for all the
trends of each regime. For example, we computed the average normalised TMV
and T values of all trends in Regime 1 in the data of GBP–USD, which is sum-
marised under the threshold 0.1%, and the same is done for Regime 2. Each
market regime in each data set will occupy a position within the two dimensional
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(T-TMV) indicator space. This will allow us to see whether Regimes 1 and 2
occupy different regions of the indicator space. If they do, then it is possible to
define the region of normal regime and abnormal regime.
4.4.1 Market Regimes in the Indicator Space
Figure 4.6 shows the positions of the regimes from all data sets on the T-TMV
indicator space. They are grouped by their periods as shown in Table 4.1. To
recap, the x-axis measures the normalised average value of the indicator T , and
the y-axis measures the normalised average value of the indicator TMV . Each
point in the indicator space shows the position of one market regime of one data
set. The red points showed the positions of Regime 1, and the blue points showed
the positions of Regime 2. For example, one of the red points in Figure 4.6(a)
would show the average normalised TMV and T values of all trends in Regime 1
in GBP–USD summarised under the threshold 0.1%.
In Figure 4.6, we studied the market regimes found in the four market events
separately: a) market regimes from the data of Brexit; b) market regimes from
the data of Chinese stock market turbulence of 2015–2016; c) market regimes
from the (three) data sets of the financial crisis of 2007–2008; d) market regimes
from the (two) data sets of the oil crash of 2014–2016.
As we examined three foreign exchange pairs (EUR–USD, EUR–GBP and
GBP–USD) and each data set is summarised with ten thresholds, there are 30
data points for each regime in Figure 4.6(a). As we used two Chinese indices
(SSE and SZSE) and ten thresholds per data set, there are 20 data points for
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each regime in Figure 4.6(b). There are 30 and 20 data points per regime for
Figures 4.6(c) and (d) respectively.
Figure 4.6 clearly shows that, within each group, Regime 1 and Regime 2 are
clearly separable in the T-TMV indicator space. For example, Figure 4.6(a) shows
that, compared to Regime 1, Regime 2 takes a much shorter time than normal
to complete (readers are reminded that the x-axis represents normalised T , not
absolute T ). Figure 4.6(a) shows that Regime 2 has a much higher (normalised)
TMV to (normalised) T ratio. The same is observed in Figures 4.6(b), (c) and
(d).
Distribution of the regimes in the normalised T-TMV space is also significant:
the market regimes that occurred from the data taken from the events of Brexit
and that of the Chinese stock market turbulence were linearly distributed. But
the market regimes from the data of the financial crisis and the oil crash formed
clusters. The obvious difference between these data sets is that high frequency
(minute-to-minute) data was used for the former, and low frequency (daily) data
was used for the latter. Having said that, the exact reason for these differences in
distributions demands further investigation, this will be left to future research.
In general, Regime 2 suggests a market with higher TMV to (normalised) T
ratio. This means, given the same T , Regime 2 tends to have a larger TMV
than Regime 1. Given the same TMV , Regime 2 tends to have a smaller T than
Regime 1. As pointed out by Tsang et al. (2017), both larger TMV and smaller
T are indicators of higher volatility. Therefore, one could roughly understand
Regime 2 as a regime that represents periods of higher volatility.
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Figure 4.7 shows the market regimes of all the data sets together in one in-
dicator space. We can see from Figure 4.7 that the positions of Regime 1 and
Regime 2 are largely separable, with some exceptions around (0.11, 0.16). Figure
4.7 suggests that, across asset types, time and thresholds, Regimes 1 and 2 occupy
different areas in the normalised T-TMV indicator space.
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Figure 4.6: (a)-(d) Market regimes in the indicator space, which are organized by four
market events: a) market regimes from the data of Brexit, b) market regimes from the
data of Chinese stock market turbulence, c) market regimes from the data of financial
crisis, d) market regimes from the data of oil crash.
4.4.2 Market Regimes under Different Thresholds
When summarising data with DC, different observers may use different thresh-
olds. The question is: are the positions of the regimes sensitive to the thresholds
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Figure 4.7: Indicator Space of all data-sets.
used? To be able to answer that, we analyse the market regimes observed under
different thresholds.
Figure 4.8 depicts the market regimes in the normalised T-TMV indicator
space with regard to different values of thresholds. It shows that positions of the
market regimes are changing along with the value of thresholds in some data sets,
but not all of them. For instance, in Figure 4.8 a & b, the market regimes with
larger price movements (indicator TMV ) are captured under larger thresholds,
even after normalisation.
However, Figure 4.8 c & d show a different picture. Data points collected from
different thresholds mingled. This suggested that the size of threshold has little
effect on the T-TMV positions of the market regimes in these two data sets.
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For reference, Figure 4.9 shows the regimes from all data sets. Obviously, the
positions of the regimes are the same as those shown in Figure 4.7. Figure 4.9
gives an idea of the thresholds which are generated from the different regimes.
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Figure 4.8: (a)-(d) Market regimes in the indicator space with regard to different
value of thresholds.
4.4.3 Discussion
In this section, we highlight some of the major points made in this chapter.
Firstly, we have demonstrated that the DC indicator space is useful for comparing
different markets. By positioning the market regimes in the DC indicator space,
the distance between different regimes can be measured. This allows us to quanti-
tatively measure the distance between different regimes in different markets. We
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Figure 4.9: Indicator Space of all data sets with regards to different value of thresholds.
can determine whether regimes are different or similar to each other, in terms of
their positions in the indicator space.
Secondly, the position of the market regimes allows us to classify different
types of the market regimes. We have found that all the Regime 1’s are similar
to each other across assets, markets and time. All of the Regime 2’s are similar
to each other. But Regime 1’s and Regime 2’s occupy different positions within
the DC indicator space. As shown in Figure 4.8, the two regimes are clearly
separable in each of the four markets studied. Even when we put the regimes
found in different markets together, Regime 1s and Regime 2s are separable, with
a little amount of overlap (see Figure 4.9). The overlap is mainly due to regimes
found in the oil crash market (2014–2016). This could suggest that the commodity
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market is slightly different from the stock and foreign exchange market; this is a
much bigger topic which will be left for future research.
Thirdly, by observing the positions of the market regimes, it is possible to
define the region of normal market and the abnormal market in the indicator
space. We called them normal and abnormal because in all the periods that we
chose, dramatic external events took place, for example the bank failures in the
2007–2008 global financial crisis or the shock result of the Brexit referendum in
Britain in 2016, all of which affected financial markets. In all our observations,
the market changed from Regime 1 (which experienced less volatility) to Regime
2 (higher volatility) around these events. It is reasonable to believe that the
regime change was either an anticipation, or a reaction, to these unpredictable
events. For convenience, we have described what has happened when the markets
changed from a normal regime to an abnormal regime.
Let us elaborate our findings by looking more closely into the results. We
say that the market experienced less volatility in Regime 1, the normal market.
This can be seen in Figure 4.6 a & b, where less time (indicator T ) is required to
complete similar amount of price movements (indicator TMV ) in Regime 2, than
that of in Regime 1. And in Figure 4.6 c & d, less price movements are achieved
within a similar amount of time when the market was in Regime 1, compared to
the market periods in Regime 2. This indicated that Regime 1 represented a less
volatile market period.
On the other hand, we say that the market experienced higher volatility in
Regime 2, the abnormal market. This can be seen in Figure 4.6 a & b, where bigger
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price movements were observed within a shorter period of time, in the region of
Regime 2, than those in the region of Regime 1. In Figure 4.6 c & d, bigger
price movements (TMV ) were completed in Regime 2, than those completed in
Regime 1, within a similar amount of time (T ). These indicated that Regime 2
represented a higher level of market volatility.
We note that the choice of threshold affected the positions of the markets on
the indicator space in some markets but not others. But overall, independent of
the thresholds used, the two regimes occupy different areas of the DC indicator
space. The relative positions of the normal and abnormal regimes are insensi-
tive to the thresholds used, which indicated that our research is correct, that
thresholds do not influence the outcome of regime positions.
Finally, it is worth clarifying that our aim is not about finding the “optimal”
threshold for regimes clarification. The intention was to generalise DC character-
istics of normal regimes. That is why various thresholds are used to find normal
regimes, and their results are used together to characterise normal regimes. Fig-
ure 4.8 c & d show that the same regimes found under different thresholds mingle
with each other.
4.5 Conclusions
In the previous research chapter (Chapter 3), an approach was established
as to how to recognise regime changes using market data; the approach was to
summarise raw data as trends under DC (Guillaume et al., 1997). Following
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(Tsang et al., 2017), we collected values of the DC indicator R (which measures
return) for each trend. The series of R was fed into a Hidden Markov Model
(HMM), which classified trends into two regimes. In other words, the market is
partitioned into periods of two regimes, classified by us as normal and abnormal.
The purpose of this chapter is to characterise normal and abnormal market
regimes. To achieve this, a new way is proposed to compare, contrast and classify
different market regimes. We have applied the approach that has been developed
in Chapter 3 to more data: ten different assets were selected from four market
periods during which significant events took place (see Table 4.1). For generali-
sation over data frequency, we used both low frequency (daily closing prices) and
high frequency (minute-by-minute closing price) data of different types (stocks,
foreign exchange and commodities).
The proposed method (Tsang and Chen, 2018) was applied to detect regime
changes in each of the 10 market-periods. To enable us to compare and contrast
results across market periods, we labelled the regime with lower R values as
Regime 1, and the regime with higher R values as Regime 2 in each market period.
We call Regime 1 the normal market periods and Regime 2 the abnormal market
periods, because the latter always took place after significant events occurred in
our research. The market typically returned to and stayed in Regime 1 afterwards.
We profiled each regime detected with the two DC indicators that define R:
TMV (price changes in a trend) and T (time). This allowed us to plot each
regime onto a two-dimensional DC-indicators space. The plottings enabled us to
see that the two regimes were clearly separable within each group of data sets
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(see Figure 4.6). Plotting the results of all data sets together suggested that the
two regimes are reasonably separable (see Figure 4.7). In other words, similarities
were found between regimes across different assets types, time, data frequencies
and thresholds. This was a significant discovery: it suggested that the TMV and
T values of the last trend (and the current, unfinished trend) could potentially
be used to monitor the market, to see whether regime change transition is taking
place. This would have implications for risk assessment and selection of trading
strategies. This would be discussed in next chapter.
To summarise: this is the first attempt to establish statistical properties of
normal and abnormal regimes in terms of their positions in the DC indicators
space, under the DC framework. These properties hold across asset types, time,
data frequencies and thresholds. Being able to characterise normal regimes opens
doors for future research in monitoring regime changes. For example, if the market
is moving away from the normal regime to an abnormal regime, a trader may
consider closing their position or adopting a different trading strategy. Market
monitoring and trading will be left for future research.
Chapter 5
Tracking Regime Changes using
Directional Change Indicators
In the previous chapters, we showed that regime changes in the market are
retrospectively detectable using historic data under Directional Change (DC). In
this chapter, we build on such results and show that how the DC indicators can
be used for market tracking, using data up to the present, to understand what is
going on in the market. In particular, we want to track the market to see whether
it is entering an abnormally volatile regime.
The proposed approach used the values of DC indicators that were observed
in the past to model the normal regime of a market (in which volatility is normal)
or an abnormal regime (in which volatility is abnormally high). Given a par-
ticular value observed in the current market, we used a naive Bayes classifier to
calculate independently two probabilities: one for the market being in the normal
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regime, and one for it being in the abnormal regime. Both the two probabilities
were combined to decide which regime the market should be in. To achieve this
purpose, two decision rules are examined: a Simple Rule and a Stricter Rule.
In this chapter, three sets of stock indices are used for examined the proposed
approach. They are the DJIA, FTSE 100 and S&P 500. We use the daily closing
price from 2007 to 2009 to build the model. Then the model is used to track
regime changes for each index individually from 2010 to 2012.
The results suggest that the tracking method presented in this chapter, with
either decision rule, managed to pick up spells of regime changes accurately. That
means the tracking signals could be useful to market participants. This study
potentially lays the foundation of a practical financial early warning system.
This chapter is organised as follows: Section 5.1 discusses the purpose of this
chapter. Section 5.2 elaborates the proposed methodology for tracking regime
changes. The empirical results is analysed and discussed in Section 5.4. Section
5.5 concludes this chapter.
5.1 Introduction
In our previous work, we proposed an approach to detect regime changes.
The empirical results showed that the detected regime changes coincided with
a significant market event, the UK’s referendum on Brexit in June, 2016. Our
work proved that the fluctuation of the financial market could be detected and
summarised as regime changes, in other words moving from one regime to another.
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However, such regime changes were detected in hindsight. The question in this
chapter is whether one could use the information up to the present time to track
regime changes, as they occur in real time.
In Chapter 3, we classified markets into two regimes. We named the regime
with higher volatility the “abnormal regime”, as it emerged after a significant
event (namely, the Brexit referendum) had taken place. In a subsequent work,
in Chapter 4, we applied the same method to different financial markets (Chen
and Tsang, 2018). We found that the two regimes have unique characteristics. In
other words, we can characterise normal and abnormal regimes across different
financial markets.
However, in both Chapter 3 and 4, regimes were detected retrospectively. In
this chapter, we will explain how one could use data up to the present to track the
market, with the aim to recognise regime changes, preferably without too much
delay.
The tracking method proposed can be divided into two steps: first, we use
a machine learning model, a naive Bayes classifier to compute the probability of
the market being in the normal or abnormal regime, respectively, based on (i) the
market data observed up to the present; and (ii) characteristics of the past regimes
observed across markets (in Chapter 4). Second, the two computed probabilities
are combined to form a final classification on which regime the market is currently
in.
The method proposed in this chapter monitored the market as prices changed.
Thus, it could be employed as a warning system, alerting market participants of
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likely regime changes. How traders and regulators may act upon such information
is beyond the scope of this chapter. It is also important to clarify that in this
chapter, we purely focus on what the data up to now tells us about the market:
i.e. it is purely data-led. No forecasting is attempted.
5.2 Methodology
In this section, we propose a method for tracking price movements dynamically
with the aim to detect what are the likely regime changes in the market. An
illustration of the proposed method for regime changes tracking is provided in
Figure 5.1. The idea is to observe the DC indicator TMV and T in the current
trend, and compare these values to those found in the normal regimes indicated in
the past (Chen and Tsang, 2018). A naive Bayes classifier is applied to compute
two probabilities independently: (i) the probability of the market being in the
normal regime; and (ii) the probability of the market being in the abnormal
regime. These two probabilities are combined to conclude what regime the market
is currently in – two decision methods will be proposed below.
5.2.1 Tracking DC trends
Summarising the financial data into DC trends using the DC approach enabled
us to focus on what are the significant price changes. However, according to the
definition of DC (Tsang, 2010), one DC trend will not be confirmed until the next
DC event is triggered. This may cause a delay when tracking regime changes based
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Figure 5.1: An illustration of regime tracking.
on DC trends. Therefore, a dynamic way is required to track the DC trends to
take the research further.
Figure 5.2 explains what tracking means in this chapter. At every time point
i, the values of TMV (i) and T (i) are calculated. With the help of past data, one
attempts to infer from these values whether the market is in or out of the normal
regime at time i. It is important to note that tracking uses data up to now. For
example, the last known extreme point at time 10 is Point A at time 4, because
point C is not confirmed as an extreme point until time 11 (when the price drops
from point C by θ). Therefore, TMV (10) should be calculated with the price at
point A as PEXTi ; T (10) should be calculated with the time at point A as TEXTi .
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Figure 5.2: A hypothetical example of tracking the unfinished DC trends.
5.2.2 Use of a Naive Bayes Classifier
In Chapter 4, we have shown how to characterise normal and abnormal regimes.
Here, given the value of tracked TMV and T in the on-going trend, we can com-
pare their values with those observed in normal and abnormal regimes in the past
(which we refer to as training data) to calculate the probability of the current
market being in either regime. For that, we employ the use of a naive Bayes
classifier (NBC).
The NBC is an algorithm for the classification task. It allows us to track the
on-going regime changes based on the information of regime changes in the past.
In order to do that, the classifier needs to be trained with historical data. This
section explains how this can be done.
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In statistics, the Bayes’ theorem is used to describe the probability of an event,
based on prior knowledge of conditions that might be related to the event. Based
on the Bayes’ theorem, the NBC allows us to calculate the conditional probability
of the current market being in a particular regime, based on the information of
previous regime changes. Using Bayes’ theorem, the NBC is established as follows:
p(Ck|x) = p(Ck)p(x|Ck)
p(x)
, (5.1)
where p(Ck) is the prior probability of class k, p(x|Ck) is the conditional prob-
ability of each input data given the class label, and p(x) is the prior probability
of the data.
Classification using the NBC includes two phases: the training phase and the
testing phase. In the training phase, the model is trained with a training data set,
which is a set of data that associated with class labels. In the testing phase, the
model is applied to classify the test data set in which the class label is unknown.
To train a NBC with a given date set, the parameters of the model needs to
be estimated. The prior probability of the class p(Ck) represents the probability
of the occurrence of the market regimes is in the training data set. Since only two
types of market regimes are considered in this thesis, p(C1) and p(C2) represent
the probability of the market being in Regime 1 and Regime 2, respectively.
The conditional probability P (x|Ck) represents the probability of seeing the
input variable x when it is known to belong to regime Ck. Suppose we have two
input features, which can be represented by x1 and x2. Then the conditional
probability can be calculated as:
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p(x|Ck) = p(x1|C)p(x2|C) (5.2)
As discussed in Section 5.2.1, the input feature of the NBC is a sequence of
two DC indicators: TMV and T . It can be written as xi = (TMVi, Ti), depicting
i measured values.
Since our input variables are continuous data, we typically assume the variable
x follows a Gaussian distribution with a mean µ and standard deviation σ. Then
by estimating the density function of the distribution, the probability p(x|Ck) can
be calculated:
p(x|Ck) = 1√
2piσ2k
exp
(
−(x− µk)
2
2σ2k
)
, (5.3)
where µk and σk represent the mean and the standard deviation of the input
feature x in class k. These values are learnt from the training data. For example,
suppose the training data contains a continuous variable, x. We first segment the
data by the class (regime), and then compute the mean and variance of x for each
regime.
With the estimated distribution, the probability p(x|Ck) can be calculated
given new data. For example, suppose we have collected some new observations
v from the test data set. The probability p(x|Ck) can be computed by plugging
v into Equation 5.3, which is a Gaussian distribution parametrized by µk and σk.
That is:
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p(x = v|Ck) = 1√
2piσ2k
exp
(
−(v − µk)
2
2σ2k
)
. (5.4)
The last component needs to calculated in the NBC is the prior probability of
input variable p(x). It is the marginal probability that an input feature x is seen,
regardless of whether the market in either regime, which can be calculated as:
p(x) = p(x|C1)p(C1) + p(x|C2)p(C2) (5.5)
Now, the NBC is trained by learning the parameters from the training data.
Given the training data with observation of the input features and the associated
class of regimes, the classifier can be established. With it, given the test data,
the probability that each data belong to a particular regime can be calculated.
Algorithm 1 explains how to train a NBC and apply it to the test data.
Algorithm 1 Naive Bayes Classifier
Training Phase
Input: Training Data (x,C)
Output: Parameters of the model
1. Calculate the prior probability of class, p(Ck).
2. Calculate the mean µk and the standard deviation σk of the input feature of each
class.
3. Estimate the Gaussian distribution of each class p(x|Ck).
4. Calculate prior probability of the input feature, p(x).
Testing Phase
Input: Test Data (v)
Output: The probability p(Ck|x = v)
1. For each observation in v, plugging it into the Gaussian distribution parametrized
by µk and σk.
2. Calculate the probability p(x = v|Ck).
3. Calculate the probability p(Ck|x = v).
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5.3 Experiment Setup
5.3.1 Data
The empirical study of this chapter focuses on three stock indices: the Dow
Jones Industrial Average (DJIA), the FTSE 100, and the S&P 500. These stock
indices were chosen because they were linked to the 2007-2008 global financial
crisis, where regime changes were considered to have taken place in financial
markets. For each index, the daily closing price is recorded from January 2007 to
December 2012 to cover periods of the financial crisis.
To examine the proposed method, the data set was separated into two data
sets: training data sets and test data sets (see Table 5.1). For each data set,
the data that sampled from January 2007 to December 2009 is considered as the
training data. And the data that sampled from January 2010 to December 2012
is considered as the test data. The parameters of the NBC was estimated from
the training data sets. Then the model was used to detect regime changes on the
test data set. For example, to track regime change on the Dow Jones index, the
NBC is first trained on the training data of the Dow Jones index. It is then used
to track regime changes on the test data of the Dow Jones index.
Table 5.1: Time periods of training and test data set.
Data Set
Time periods
Training Periods Test Periods
DJIA 03/01/2007 - 31/12/2009 01/01/2010 - 28/12/2012
FTSE 100 03/01/2007 - 31/12/2009 01/01/2010 - 28/12/2012
S&P 500 03/01/2007 - 31/12/2009 01/01/2010 - 28/12/2012
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In the training data sets, the raw financial data is summarised into completed
DC trends, under a threshold of 0.3%. The DC trends are then measured by two
DC indicators: TMVEXT and TEXT . This is because on the basis of the regime
change detection approach proposed in Chapter 3, the the value of the completed
DC trends are used to detect regime changes. Therefore, these vaules are used to
detect regime changes and train the NBC.
On the other hand, in the test data sets, the raw financial data was summarised
into the on-going DC trends, which were then measured by two DC indicators
TMV and T . As discussed in Section 5.2.1, their values were used to track the
market. In Chapter 4, we showed that the two regimes were clearly separable
on the TMV-T space when both TMV and T are normalised. Therefore, the
training and test data were both normalised before modelling by the NBC. The
data was normalised using the min-max normalisation approach.
In the empirical study, the parameters of the NBC are learnt from the training
data sets. And the model is used to recognise market regimes for each pair of
input features from the test data sets.
5.3.2 Regime Changes on the Data
With the benefit of hindsight, regime changes can be detected on each data
set using the method that we proposed in Chapter 3. Figure 5.3 to Figure 5.5
show the detected regimes on each stock index, respectively. These figures are
produced for demonstrating the status of the market in terms of regime changes
over the whole chosen time period.
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Figure 5.3: Regime changes on DJIA index.
Figure 5.4: Regime changes on FTSE 100 index.
5.4 Empirical Results
In this section, we will analyse the effectiveness of the NBC and the two
decision rules. The purpose of this analysis is to investigate whether the proposed
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Figure 5.5: Regime changes on S&P 500 index.
method is able to track regime changes on the test data sets.
The NBC is established with observations on the training data sets. The
model is then used to monitor the market, by calculating the probabilities of the
market being in the two regimes, p(C1|x) and p(C2|x), for each data set from the
test data sets. With the probabilities calculated, we attempt to combine them
and determine which regime the current market belongs to. For this purpose, two
decision rules are designed and compared. The regimes classified by these rules
are compared with the regimes computed by the method presented in Chapter 3.
This comparison allows us to assess the performance of our classification approach.
5.4.1 Calculating Probability
As discussed in Section 5.2.2, the conditional probability of the occurrence
of the current market, given the TMV and T values in the current trend, can
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be calculated by the NBC. Figure 5.6 shows the calculated probabilities of the
market belonging to Regime 1 (the normal regime) and to Regime 2 (the abnormal
regime), p(C1|x) and p(C2|x), over time. A higher p(C1|x) value means the market
is more likely to be in the normal regime; similarly, a higher p(C2|x) means
the higher likelihood that the current market is in the abnormal regime. For
instance, as shown in Figure 5.6, from the middle of 2011 to the early of 2012, the
probabilities of being in Regime 2 are much higher than that of being in Regime
1 on the Dow Jones index. This may imply that the market fell into Regime 2 in
that period. The estimated probabilities for the FTSE 100 index and the S&P
500 index are shown in Figure 5.7, and Figure 5.8.
For each (TMV, T ) pair, two probabilities are calculated independently. For
p(C1|x) and p(C2|x) to be useful, we need to combine them in order to decide
whether the market is in Regime 1 or Regime 2. For this purpose, two decision
rules are proposed in the next sections.
5.4.2 B-Simple for Regime Classification
The NBC compared each (TMV, T ) pair with those found in the training data,
and calculated the probabilities of the market belonging to Regime 1 and Regime
2 independently. A Simple Rule is where the hypothesis picked is most probable.
In our case, it meant choosing the regime with the highest probability:
choose C1 if p(C1|x) > p(C2|x)
choose C2 if p(C2|x) > p(C1|x),
(5.6)
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Figure 5.6: Estimated probabilities for Dow Jones index. The blue line indicates the
probability of the market being in Regime 1, p(C1|x), and the orange line indicates the
probability of the market being in Regime 2, p(C1|x).
where C1 and C2 represent Regime 1 and Regime 2, p(C1|x) and p(C2|x) denote
the probabilities of the market belonging to Regime 1 and Regime 2, respectively.
We call this approach that combined the NBC with the Simple Rule: B-Simple.
5.4.3 B-Strict for Regime Classification
As discussed in the previous section, some false alarms are reported in the
mentioned regimes, with B-Simple (see the Simple Rules defined in Equation 5.6).
If we want to reduce false alarms, we could combine the outcome probability of
the NBC with a stricter classification rule. What makes up the designed stricter
decision rule is made up as follows:
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Figure 5.7: Estimated probabilities for FTSE 100 index.
choose C1 if p(C1|x) > p(C2|x)
choose C2 if p(C2|x) > threshold2,
(5.7)
where C1 and C2 represent Regime 1 and Regime 2, p(C1|x) and p(C2|x)
denote the probabilities of the market belonging to Regime 1 and Regime 2,
respectively. Here threshold2 is the lower bound value of p(C2|x) for the market
to be concluded in Regime 2. The value of threshold2 is a parameter defined
by investors, reflecting its cautiousness of concluding Regime 2. In this chapter,
the threshold2 value was set to 0.8. The Stricter Rule is exactly the same as
the Simple Rule, except that a minimal probability of p(C2|x) must be observed
before concluding Regime 2. We call the method of combining the NBC with the
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Figure 5.8: Estimated probabilities for S&P 500 index.
stricter rule: B-Strict. Also, B-Simple can be seen as a special case of B-Strict,
where one sets the threshold to 0.5.
5.4.4 Tracked Regime Changes
This section explains the empirical results. Figure 5.9 to Figure 5.11 compares
the actual regime changes with the performance of the tracked regime changes.
In each figure, the actual regime is shown on the top, which is detected using the
method that was proposed in Chapter 3. The regime classification using B-Simple
is shown in the middle, and the regime classification using B-Strict is shown at the
bottom. They are both measured using the method that is proposed in Section
5.2.
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Tracked Regime Changes on DJIA index
Figure 5.9 compares the actual regimes and the tracked regime on the Dow
Jones index. The top figure shows the market regimes computed by the method
proposed in Chapter 3; we call them the actual regimes as they were computed
with the benefit of hindsight. The middle figure shows the regime classification
using B-Simple and the bottom figure shows the regime classification using B-
Strict.
By comparing the actual regimes and the tracked regimes, we can tell the
performance of regime tracking mechanism. The key issue to observe is: does the
tracking mechanism have the ability to detect Regime 2 when it happened? If
so, how long does it take the tracking mechanism to realise regime change has
occurred after it has taken place?
The actual regimes indicate that the index experienced two spells of regime
changes. The first spell of Regime 2 is recognized from 27/04/2010 to 07/06/2010,
and the second one is found from 08/08/2011 to 14/12/2011.
Firstly, both two spells of Regime 2 are detected by using both B-Simple and
B-Strict. This means, by using data up to the time when regime classification is
made, both B-Simple and B-Strict can detect Regime 2 when it took place. As
tracking does not have the benefit of hindsight, it is reasonable to expect delay:
in other words, it may take some time before the tracking mechanism realised
that regime change has taken place.
By using B-Simple, the first signal of Regime 2 is spotted on 22/01/2010, which
can be considered as a false alarm. The second signal is found on 06/05/2010,
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nine days later than actual regime changes took place. This is not a bad outcome,
because the actual regime changes were computed with the benefit of hindsight.
The tracking method proposed here lets the data tell us what happens in the
market: no forecasting is attempted.
However, in the second period of Regime 2, B-Simple suggested that regime
change occurred ahead of the actual change. The actual regime changes took
place from 08/08/2011 to 14/12/2011. B-Simple suggested Regime 2 took place
on 04/08/2011, four days ahead of the actual regime change. This is possibly
because in Chapter 3, regime changes are computed based on completed trends.
In tracking, we are dealing with the on-going trends. Therefore, when the TMV
value goes sufficiently high within a short time, Regime 2 could have been con-
cluded.
The second point to note is that B-Simple raised the alarm of regime change
repeatedly, as opposed to raising persistent alarms throughout the Regime 2 spell.
This is understandable because the method proposed in Chapter 3 attempted to
model the hidden Markov state, which carried a momentum. In B-Simple, only
the current (TMV, T ) reading is used for decision making. Besides, in practice,
traders could react when such an alarm is first raised. So the alarms raised by
B-Simple do not have to be persistent to be useful to users. Repeated alarms
would simply reinforce the message.
On the other hand, by using B-Strict, the first spell of Regime 2 is found on
06/05/2010, the same as the observation under B-Simple. For second spell of
Regime 2, the closest signals of Regime 2 are found on 04/08/2011, which are
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also the same as the findings under B-Simple. As shown in Figure 5.9, B-Strict
is able to track regime changes but with less repeated alarms.
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Figure 5.9: Comparison between actual regimes and tracked regimes on DJIA index.
Tracked Regime Changes on FTSE 100 index
Figure 5.10 compares the actual regimes and the tracked regime on the FTSE
100 index. As shown in the top chart, two spells of Regime 2 are observed on
FTSE 100 index. The first one ranges from 07/05/2010 to 27/05/2010, and the
second one ranges from 08/08/2011 to 14/12/2011.
Under B-Simple, the signal for the first spell of Regime 2 is found on 05/05/2010,
two days ahead of the actual regime change took place. For second spell of Regime
2, the signal is found on 04/08/2011, four days in advance. Here, B-Simple re-
99
ports a number of repeated alarms, but some of them should be considered as
false alarms (does not match the actual regimes).
Under B-Strict, the first spell of Regime is found on 06/05/2010, one day
ahead of the actual regime change. And for the second spell of Regime 2, the
signal is also found on 04/08/2011, four days ahead of the actual regime change.
Apart from that, B-Strict also raises alarms repeatedly (as opposed to con-
tinuously) during the Regime 2 spells, but it raises fewer alarms than B-Simple.
As explained above, this does not prevent B-Strict from being useful to market
participants.
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Figure 5.10: Comparison between actual regimes and tracked regimes on FTSE 100
index.
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Tracked Regime Changes on S&P 500
Figure 5.11 compares the actual regimes and the tracked regime on the S&P
500 index. As shown in chart, the actual Regime 2 took place on two periods:
from 27/04/2010 to 26/07/2010, and from 08/08/2011 to 14/12/2011.
Under B-Simple, the first spell of Regime 2 is tracked on 06/05/2010, nine
days behind the first spell of the actual Regime 2. In the second spell of Regime
2, the tracked Regime 2 is recognized on 02/08/2011, six days ahead of the actual
regime changes.
Under B-Strict, the tracked Regime 2 is found on 06/05/2010, the same as
using the B-Simple rule. The second spell of Regime 2 is found on 08/08/2011,
exactly the day when the actual regime change took place.
5.4.5 Discussion
To examine the proposed regime change tracking method, three data sets are
used to test the tracking mechanism. Table 5.2 shows the time lag between the
actual regimes and the tracked regimes. Table 5.3 shows the number of alarms
that are raised by different decision rules.
Here, we focus on the ability of the decision rules to pick up Regime 2. This
is because market participants are likely to benefit from alarms being registered
when the market moved into a volatile regime, which is what Regime 2 represents.
In Table 5.2, positive number tells the number of days that the tracked regimes
are behind the actual regimes, where negative number tells the number of days
that the tracked regimes are ahead of the actual regimes.
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Figure 5.11: Comparison between actual regimes and tracked regimes on S&P 500
index.
As can be seen in Table 5.2, we can conclude that: first, both two decision
rules are managed to pick up regime changes as they happened. While two spells
of regime changes are appeared in the test periods, they are all picked up by the
rules. That means the decision rules are useful to market participants.
Second, the decision rules are likely to report regime changes earlier than the
actual regime changes happened. As shown in Table 5.2, 8 out of 12 alarms are
raised ahead of or spot on the actual regime changes. Such results are positive.
That means our tracking mechanism is likely to raise the alarm of regime changes
in advance.
Third, as shown in Figure 5.9 to Figure 5.11, more alarms are raised using the
B-Simple rule than using the B-Strict rule. This indicates that the simple rule
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intends to raise alarms repeatedly. But by setting the threshold in the B-Strict
rule, fewer alarms would be raised.
Fourth, the number of true alarms and false alarms under the two decision
rules is compared in Table 5.3. A true alarm is an alarm raised when the market
is actually in Regime 2. The result shows that first, much more alarms (both
true and false alarms) are generated by the B-Simple rule than by the B-Strict
rule. Second, fewer false alarms are generated by the B-Strict rule than by the
B-Simple rule. Third, the number of false alarms generated by the B-Simple
rule is not excessive. Thus, we consider that both rules are useable. Which rule
a market participant might prefer depends on the market participant’s attitude
towards the false alarms and how the signals are used.
Table 5.2: Tracked regime under different decision rules.
Data Set
B-Simple B-Strict
1st Spell 2nd Spell 1st Spell 2nd Spell
DJIA +9 -4 +9 -4
FTSE 100 -2 -4 -1 -4
S&P 500 +9 -6 +9 0
Table 5.3: Alarms raised under different decision rules.
Data Set
B-Simple B-Strict
True Alarm False Alarm True Alarm False Alarm
DJIA 23 11 12 1
FTSE 100 31 22 18 8
S&P 500 35 19 16 1
Total 89 52 46 10
103
5.5 Conclusion
In Chapter 3 we presented a way to detect regime changes in hindsight. In
Chapter 4 we showed that normal regimes share similar characteristics – in their
normalised TMV and T values. In this chapter, we have shown that results in the
other two research chapters support a tracking mechanism. We have provided such
a data-led mechanism to track regime changes dynamically. This is a practical
method, as it uses data up to the present to monitor the likelihood of the market
entering a volatile regime.
The proposed approach used TMV and T values observed in the two regimes
in the past to establish a naive Bayes classifier. For each pair of (TMV, T ) values
observed in the current market, the Bayes classifier calculated two probabilities:
one for the market being in Regime 1 (the “normal regime” in Chapter 4) and
the one for the market being in Regime 2, (the “abnormal regime” in terms of
volatility). These two probabilities are used to decide which regime the market
is in. Two classification rules were examined: a Simple Rule and a Stricter Rule.
Combined with the Bayes classifier, the tracking systems are called B-Simple and
B-Strict, respectively.
In the experiment, the data of Dow Jones, FTSE 100 and S&P 500 index
from 2007 to 2009 were used to build the NBC. The model was then used to track
each index individually from 2010 to 2012. By using the method presented in
Chapter 3, we concluded, with the benefit of hindsight, two spells of Regime 2
in the test period. Both B-Simple and B-Strict managed to pick up both spells.
In our view, these results are very positive. The tracking signals could be useful
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to market participants. This work potentially lays the foundation for a financial
early warning system, warning market participants of market instability, which
influence the outcome of local, national and international financial markets.
However, this chapter is a proof of concept, and thus part of a beginning of
the research on this topic. It uses a naive Bayes classifier and two very simple
classification rules for its proof. No doubt more experiments will need to be done
and more advanced methods could be developed in the future to improve the
reliability and usability of the tracking in future research.
Chapter 6
Algorithmic Trading based on
Regime Change Tracking
6.1 Overview
In Chapter 5, we presented our method to track regime changes in financial
markets. The tracking signals produced by this method suggest whether the
market is shifting from one regime to another or remaining in the present regime.
In this chapter, we examine the usefulness of this tracking information for trading.
Could this information help us to apply different trading strategies under different
regimes? Could the regime tracking information generated by our method in
Chapter 5 be used as early warnings, using one of our specific trading algorithms?
Could a trading algorithm benefit from such warnings to better understand the
market and capitalise on the position? Would such signals help an algorithm to
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reduce maximum drawdown?
In order to answer the above questions, we designed two simple trading algo-
rithms, which make use of regime tracking information generated by the method
presented in Chapter 5. By comparing their performance with the simple con-
trarian algorithm empirically, we shall examine the impact of the regime tracking
information discovered using these algorithms.
This chapter is structured as follows: Section 6.1 introduces the purpose and
contributions of this chapter. Section 6.2 describes the designed trading algo-
rithms: JC1 and JC2. Section 6.3 explains the experiment set-up. Experiment
results are presented in Section 6.4. These results are interpreted and discussed
in Section 6.5. Section 6.6 concludes this chapter.
6.2 Methodology
In the previous chapters, we have for the first time demonstrated how to de-
tect regime changes from historical data, using Directional Change (Chapter 3),
to classify market regimes (Chapter 4), and how to track the market to proba-
bilistically recognize the regime at the moment of tracking (Chapter 5). In this
chapter, we will further develop our position, in order to examine whether our
regime detection has a practical impact on algorithmic trading 1.
To examine the effect of regime tracking on trading, two trading algorithms
1Algorithmic trading is where a computer program will follow an algorithm in order to trade,
which, in theory is meant to produce profits at a frequency and speed that is not possible for
a human trader, and is growing in importance, in the 24 hour, global financial system, and by
2007, 60% of orders at the London Stock Exchange were carried out by algorithmic traders.
(The Economist, June, 2019)
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are designed: JC1 and JC2. These are DC-based trading algorithms supported
by regime tracking information produced by the method proposed in Chapter
5. Both of these trading algorithms use regime tracking information to close
positions; the aim of doing so is to reduce the maximum drawdown. JC1 would
adopt different strategies in normal and abnormal regimes (as defined in Chapter
4), whereas JC1 only trades under normal regimes. JC1 and JC2 are compared
to a simple contrarian algorithm, CT1, which is not supported by any regime
tracking information. Table 6.1 summarises the trading algorithms used in this
Chapter. Details will be elaborated in the sections that follow.
Table 6.1: Summary of algorithms used (DCC = DC Confirmation, RCD = Regime
Change Detected by the method presented in Chapter 5).
Algorithms JC1 JC2 CT1
Under Normal
Regime
Open Open
contrarian
position when
|TMV |
reaches 2
Open
contrarian
position when
|TMV |
reaches 2
Open
contrarian
position when
|TMV |
reaches 2
Close Close at next
DCC or RCD
Close at next
DCC or RCD
Close at next
DCC
Under
Abnormal
Regime
Open Open trend
following
position when
|TMV |
reaches 2
(No trades) Same as in
Normal
Regime
Close Close at next
DCC or RCD
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6.2.1 Regime Tracking Information
In Chapter 3, we showed that regime change is detected in hindsight. In Chap-
ter 5, we proposed a method for tracking the market with the aim to determine
the current market regime. To recapitulate, the tracking mechanism works as fol-
lows: first, regime changes are detected in the historical data. This information
will then be used for calculating the likely regime change of the given data set.
Second, we need to extract information up to the current point, namely readings
of the two DC indicators, TMV and T , in the current trend. Lastly, a na¨ıve
Bayes model is applied to calculate the likelihood of the current regime, based on
the information of regime changes that is learnt from the historical data.
6.2.2 Trading Algorithm JC1
Trading algorithm JC1 is built from both the regime change tracking signals
and DC. To take advantage of the regime information, it attempts to apply dif-
ferent strategies under different regimes.
Glattfelder et al. (2011) showed that in the foreign exchange market, on aver-
age, the market changes direction at TMV = 2. Golub et al. (2018) presented a
trading algorithm, which they named the Alpha Engine, a contrarian algorithm
based on this observation. As a contrarian algorithm, it trades against the pre-
vailing market trends. One of the problems observed in the Alpha Engine was
that occasionally, it suffers from heavy drawdown. The Alpha Engine is profitable
in most trades. However, heavy drawdowns wipe out the cumulated profits.
Built into JC1 are two distinct features which make use of regime tracking
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information:
1. When regime change is detected, JC1 closes its positions. The aim of doing
so is to avoid big drawdowns (which is precisely the problem faced by the
Alpha Engine).
2. When the market is in the normal regime, JC1 trades as a contrarian. Under
the abnormal regime, JC1 trades as a trend-follower. This is an attempt to
use different trading strategies for different markets.
The opening rules are: when absolute value of TMV reaches 2, open a con-
trarian position. Since TMV measures the price change from one extreme point
to another extreme point. Positive TMV indicates that the price trend is going
up, while negative TMV indicates that the price trend is going down. Therefore,
if the trend is going up, JC1 opens a short position at TMV = 2. If the trend is
going down, JC1 opens long position at TMV = −2 .
Two closing rules are designed: first, close the position at the next DC Con-
firmation (DCC) point. Secondly, close any open position when regime change is
concluded. Following is a summary of the rules under normal markets:
JC1 Under Normal Regime:
Rule 1: in an uptrend, when TMV > 2, open a short position.
Rule 2: in a downtrend, when TMV 6 −2, open a long position.
Rule 3: when the next DCC point is confirmed, close the current position.
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Rule 4: when regime change is concluded, close the current position.
If the market is under an abnormal regime, a trend-following trading strategy
will be applied. Following are the rules used under abnormal markets:
JC1 Under Abnormal Regime:
Rule 1a: in an uptrend, when TMV > 2, open a long position.
Rule 2a: in a downtrend, when TMV 6 −2, open a short position.
Rule 3a: when the next DCC point is confirmed, close the current position.
Rule 4a: when regime change is concluded, close the current position.
There are a few rationales behind the above algorithm. For example, a con-
trarian trading strategy is applied in the normal regime. This is because mean
reversion is observed in the normal market regime. Mean reversion is a theory
applied in finance, which suggests that the asset price will revert to its mean or
average level in the long run. It is also observed under DC (Glattfelder et al.,
2011). That is why a contrarian algorithm normally works.
On the other hand, in the abnormal regimes, a trend-following strategy is
implemented. This strategy is applied because an abnormal market regime in
this research is measured by a rapid change of prices (large R). When the market
is in an abnormal regime, margin calls become more likely. Margin calls tend to
drive the trend further forward. That is why a trend-following algorithm is likely
to work.
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6.2.3 Trading Algorithm JC2
Trading algorithm JC2 uses the same trading rules as JC1, except that it only
trades under the normal regime. It closes its positions as soon as the tracking
concludes that the market has entered an abnormal regime. JC2 will not trade
again until the market returns to the normal regime. In other words, JC2 holds
no positions under the abnormal regime. Following are the trading rules of JC2:
JC2 Under Normal Regime:
Rule 1: in an uptrend, when TMV > 2, open a short position.
Rule 2: in a downtrend, when TMV 6 −2, open a long position.
Rule 3: when regime change is concluded, close the current position.
No trades under Abnormal Regime.
6.2.4 Control Algorithm CT1
Control algorithm CT1 uses the same trading rules as algorithm JC2, except
that it does not use regime tracking information. It is used as a benchmark
to evaluate algorithm JC2, to measure the impact of the tracking information.
Following are the trading rules of CT1:
CT1:
Rule 1: in an uptrend, when TMV > 2, open a short position.
Rule 2: in a downtrend, when TMV 6 −2, open a long position.
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Rule 3: when the next DCC point is confirmed, close the current position.
6.3 Experimental Setup
This section introduces an experimental setup to evaluate the trading algo-
rithm. This includes the data used, the parameters of the experiment and money
management by the trading algorithms.
6.3.1 Data
In this experiment, three sets of stock indices are used to test the proposed
trading algorithms. The chosen stock indices are:
• Dow Jones Industrial Average (DJIA),
• FTSE 100, and
• S&P 500.
For each index, the daily closing price is recorded from January 2nd, 2007 to
December 31st, 2012. The chosen data set is the same as that used in Chapter
5. This allows to show that the impact of regime tracking results in Chapter 5
on algorithmic trading. As discussed in Section 6.2, trading algorithms JC1 and
JC2 will make use of the regime tracking results of Chapter 5.
The data set is separated into two parts. The first part is used for learning
the characteristics of abnormal and abnormal regimes (as described in Chapter
4). The second part is for regime tracking (using the na¨ıve Bayes model described
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in Chapter 5). Tracking information is then used by trading algorithms, JC1, and
JC2. Table 6.2 shows the time ranges of the training and tracking data sets.
Table 6.2: Time periods of training and tracking data set.
Data Set
Time periods
Training Periods Tracking Periods
DJIA 03/01/2007 - 31/12/2009 01/01/2010 - 28/12/2012
FTSE 100 03/01/2007 - 31/12/2009 01/01/2010 - 28/12/2012
S&P 500 03/01/2007 - 31/12/2009 01/01/2010 - 28/12/2012
6.3.2 Experimental Parameters
To implement the designed algorithm for investment, a few parameters need
to be decided. The first one is the threshold that is used to measure DC trends
in the training periods of the data. It is called regime tracking threshold. The
resulted DC trends are used to establish a na¨ıve Bayes model for regime tracking.
JC1, JC2 and CT1 are all DC-based trading algorithms. To apply these
algorithms, we need to decide on the DC threshold, which we call the trading
threshold. This is our second parameter.
The final parameter is the regime tracking rule (see Chapter 5 for details).
Two rules were introduced in Chapter 5: B-Simple and B-Strict.
With the input arguments, the designed algorithms could be defined as:
JC1(θ, α, β), JC2(θ, α, β), CT1(θ, α, β), (6.1)
where θ is the regime tracking threshold, α is the trading threshold and β is
the regime tracking rule.
114
In our experiments, the regime tracking threshold θ is set to 0.003. To examine
the effect of trading threshold on the performance of the algorithm, three different
trading thresholds are used: α takes a value in {0.03, 0.006, 0.009}. As for regime
tracking, β is set to the rule B-Simple.
6.3.3 Money Management
We have defined above when JC1, JC2 and CT1 open and close positions in
response to DC and Regime Change (RC) conditions. We need to decide how
much of the capital to trade under these conditions.
We adopt a simple strategy for all the algorithms that we test: 1) We assume
that the trading algorithm start with a fixed amount of money, M . 2) When an
algorithm opens a long position, it trades with all its wealth. That means, if the
index price is at P , then the algorithm will buy M divided by P shares of the
index. Here we assume, for simplicity, that one can hold any fraction of the index.
3) When an algorithm opens a short position, it will also short-sell M divided by
P shares of the index.
We adopt these simple rules because money management is not the main
research topic in this thesis. More importantly, these simple rules should not
impact on the relative performance of the trading algorithms tested.
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6.4 Experiment Results
It this section, evidence is provided to evaluate the three algorithms designed:
JC1, JC2 and CT1.
The next question is how to measure the performance of an algorithm. First,
the final wealth of the investment using each algorithm is compared. This is to
show whether the algorithm is able to generate a profit.
A second and arguably more important performance indicator is the maximum
drawdown. It measures the biggest loss in all the trades by an algorithm. It is
important because we hope that the tracking information is useful for raising
early alarms. If these early alarms are useful, we should expect them to reduce
the maximum drawdown of JC1 and JC2.
For completeness, we shall also report the number of trades. This is mainly for
verifying that the final wealth and maximum drawdown are based on a sufficient
number of trades.
6.4.1 Number of Trades
First, we look at the number of trades made by the algorithms JC1, JC2 and
CT1. This is to ensure that the results are based on enough number of trades. If
results are based on too few trades, they could be biased over one of two lucky or
unlucky trades.
Table 6.3, Table 6.4 and Table 6.5 show the number of trades that JC1, CT1
and JC2 made using trading thresholds 0.03, 0.006 and 0.009, respectively. As
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expected, the bigger the trading thresholds, the fewer trends one sees in a market-
period. For example, under trading threshold 0.03, which is the biggest of the
three thresholds used, JC1 made 26 trades in DJIA, CT1 made 25 trades and
JC2 21 trades (see Table 6.3). We concluded that there were sufficient number
of trades to make the results statistically acceptable. Under trading thresholds
0.006 and 0.009, the number of trades were in the 60 to 90 ranges. This gives us
confidence that the results are not biased by a few extremely lucky or unlucky
trades.
Table 6.3: Number of Trades with Trading threshold 0.03.
Data Set
Number of Trades
JC1 CT1 JC2
DJIA 26 25 21
FTSE 100 28 27 22
S&P 500 29 29 20
Table 6.4: Number of Trades with Trading threshold 0.006.
Data Set
Number of Trades
JC1 CT1 JC2
DJIA 73 73 70
FTSE 100 82 82 81
S&P 500 68 68 68
Table 6.5: Number of Trades with Trading threshold 0.009.
Data Set
Number of Trades
JC1 CT1 JC2
DJIA 66 66 66
FTSE 100 72 72 71
S&P 500 70 70 69
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6.4.2 Final Wealth
In this section, we compare the final wealth of the three trading algorithms
tested. To recapitulate, JC1 and JC2 are trading algorithms that use the regime
tracking information. CT1 is the control algorithm which operates on the same
trading rules as JC1, except that it is not using regime tracking results. We report
the performance of the algorithms under different trading thresholds. Table 6.6
shows final wealth of the algorithms that are using a trading threshold of 0.03; the
most favourable results among the algorithms are highlighted. Results in Table
6.6 show that the final wealth of JC1 and JC2 are both inferior to that of CT1.
For DJIA, CT1 gained a final wealth of 131% (i.e. a gain of 31%), compared to
113% in JC1 and 121% in JC2. Similar results are obtained in FTSE and GSPC.
Similar results are observed under trading thresholds 0.006 (see Table 6.7) and
0.009 (see Table 6.8). The only exception is in FTSE 100 under trading threshold
of 0.006 (Table 6.7 , second last row). There, the final wealth of CT1 was 97% (i.e.
a loss of 3%), but JC1 and JC2 had a final wealth of 100% and 99%, respectively.
Table 6.6: Final Wealth with Trading threshold 0.03.
Data Set
Final Wealth (per cent)
JC1 CT1 JC2
DJIA 113% 131% 121%
FTSE 100 106% 128% 109%
S&P 500 83% 134% 102%
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Table 6.7: Final Wealth with Trading threshold 0.006.
Data Set
Final Wealth (per cent)
JC1 CT1 JC2
DJIA 87% 101% 93%
FTSE 100 100% 97% 99%
S&P 500 80% 82% 80%
Table 6.8: Final Wealth with Trading threshold 0.009.
Data Set
Final Wealth (per cent)
JC1 CT1 JC2
DJIA 87% 92% 87%
FTSE 100 86% 94% 86%
S&P 500 82% 97% 84%
6.4.3 Maximum Drawdown
As the primary function of tracking information is to raise early alarms, the
maximum drawdown is our key performance indicator. It measures the effective-
ness of the early alarms.
The maximum drawdown of JC1, CT1, and JC2, under different thresholds
are listed in Table 6.9, Table 6.10 and Table 6.11. Results show that the maximum
drawdown of JC1 and JC2 are both smaller than that of CT1 in all three markets.
For example, under trading threshold 0.003 (Table 6.9), the maximum drawdown
of JC1 and JC2 are 5% for DJIA, which is 1% smaller than the 6% suffered by
CT1. Under trading threshold 0.009 (Table 6.11), the maximum drawdown of
both JC1 and JC2 are 7% for GSPC, which is 3% better than the maximum
drawdown of CT1, which is 10%.
These results consistently prove that the tracking information is useful as an
effective early alarm system for trading.
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Table 6.9: Maximum Drawdown 0.03.
Data Set
Final Wealth (per cent)
JC1 CT1 JC2
DJIA -5% -6% -5%
FTSE 100 -4% -5% -4%
S&P 500 -5% -8% -6%
Table 6.10: Maximum Drawdown 0.006.
Data Set
Final Wealth (per cent)
JC1 CT1 JC2
DJIA -9% -10% -9%
FTSE 100 -10% -11% -9%
S&P 500 -8% -11% -8%
Table 6.11: Maximum Drawdown 0.09.
Data Set
Final Wealth (per cent)
JC1 CT1 JC2
DJIA -6% -7% -6%
FTSE 100 -8% -10% -8%
S&P 500 -7% -10% -7%
6.5 Discussions
6.5.1 The primary goals are achieved
The above results support the following claims:
1. Regime position information helps to reduce maximum drawdown: Results
show that closing a position when the regime changes in the market re-
duces maximum drawdown. In other words, closing one’s position when the
market changes its regime is an effective stop-loss strategy.
2. The quality of our regime tracking is good enough to support JC1 and JC2:
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For JC1 and JC2 to work, the quality of the regime information produced
by our method in Chapter 5 must be reasonably reliable. If this is not the
case, JC1 and JC2 will not benefit from such information.
6.5.2 Future work: regime tracking for better trading al-
gorithms
The difference between JC1 and JC2, is that the former trades in abnormal
regimes, but the latter does not. JC1 implements a na¨ıve strategy in trading
under abnormal regimes. The performance of JC2 is generally better than that
of JC1. This suggests that the strategy that JC1 uses under abnormal regimes is
too primitive.
JC1 and JC2 are primitive trading algorithms. There are useful for proving
our point, which is the usefulness of regime tracking information. They are both
inferior to the control algorithm CT1 in profitability. We conjecture that the
regime tracking information is effective for reducing maximum drawdown for more
complicated algorithms. This is left for future research.
One possibility is to add regime tracking information to the Alpha Engine
(Golub et al., 2018). The Alpha Engine experience shows that a DC-based con-
trarian trading strategy in general accumulates profits over trades but suffers from
big drawdowns. If we could reduce maximum drawdowns, we could improve the
performance of the Alpha Engine. This is also left for future research.
121
6.6 Conclusions
In this chapter, we examine the usefulness of regime tracking information pro-
duced in Chapter 5 on trading. For that purpose, we have designed an algorithm
CT1, which is a simple contrarian trading algorithm. We have designed two vari-
ations of JC1 and JC2, which use regime tracking information produced by the
method in Chapter 5 in CT1. JC2 extends CT1 by using regime change informa-
tion to close positions; besides, JC2 ceases to trade under abnormal regime. JC1
extends JC2 by trading as a trend-following strategy under abnormal regime; it
attempts to adopt different trading strategies under different regimes.
We tested the three algorithms in different assets using different trading thresh-
olds. Results demonstrated consistently that regime tracking information helped
JC1 and JC2 reduce their maximum drawdown. It also proved that the regime
information produced by the method in Chapter 5 is reasonably accurate.
It is worth noting that JC1 and JC2 are very na¨ıve trading strategies. There-
fore, the low returns of JC1 and JC2 compared to the control algorithm CT1
should not deter researchers from using regime tracking information to improve
profitability of more advanced algorithms, such as the Alpha Machine (Golub
et al., 2018). Neither should the results of JC1 deter researchers from designing
different trading strategies under different regimes. With proven success in reduc-
ing maximum drawdown, regime tracking information is valuable to algorithmic
trading research.
Chapter 7
Conclusions
This chapter provides a brief overall summary of the thesis. It indicates the
ideas explored and the research carried out, and what has been the sequence of
our work to promote the themes of our research. Also, there is consideration given
to what is the likely future areas for further research, leading on from our current
work.
This chapter is organised as follows: Section 7.1 provides a brief summary of
the presented work in this thesis. The contributions of this thesis is summarised
in Section 7.2. The likely directions for further research is provided in Section
7.3.
7.1 Summary of Work Done
This thesis, as is indicated by its title, is concerned with establishing effective
recognition of the occurrence of regime change in financial markets. During the
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last two decades, financial markets have experienced a rapid change and expan-
sion, with a huge growth in market activity, and the computerization of market
activity and trading. The development and growth of artificial intelligence also
looks likely to make a significant and unpredictable impact on the operation of
world-wide financial markets in the future. The continuing moves towards capital
market liberalization also will continue this expansion around the world with the
continuing growth of global financial markets. There is thus a move towards what
the critic Paul Virilio called deterritorialisation (Virilio and Lotringer, 2008), or
a new telemetrical becoming , with a possible projected future of unleashed global
markets and friction-free capitalism. Thus, new methods and techniques are in-
creasingly needed to be able to effectively monitor, track and study data from
these new, changing financial markets, markets that have also increasingly relied
on trends of market efficiency.
The research that we have undertaken in this thesis provide a new perspective
to recognise and understand significant changes in financial markets, which are
defined as regime change in this thesis. In Chapter 1, we discussed the concept of
regime changes, and the need for new methods to recognise and analyse them in
financial markets. This discussion led on to the research objectives of this thesis.
The current research available on regime change was outlined in Chapter 2.
The literature survey indicated that most of the existing regime change detection
methods were established based on time series analysis. Although time series is
currently the most used technique for the analysis of market behaviour, there
are drawbacks associated with time series. For example, data in time series is
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recorded at fixed time intervals, which runs the risk of missing a significant or
important market shift, as markets can now be tracked with data extracted from
24 hour high frequency trading, such as in the foreign exchange market.
Therefore, to develop a new method to recognise regime changes in financial
markets, we introduced Directional Change (DC) as a new way of providing an
effective extraction of market information and analysis of financial data. In con-
trast to time series, DC, which is a data-driven approach, is able to recognise
regime change movement when it occurs, as DC samples the extreme points of
the movement of the market when they occur. It is therefore able to record mar-
ket movement and fluctuations which might otherwise be missed by time series.
In our view, DC is an effective and new way to interpret the establishment of
different regimes through effective tracking of the dynamics of the market and its
price movements.
Apart from DC, the relevant machine learning techniques which were adapted
by us in this thesis were also outlined in Chapter 2. For instance, in the first
research (Chapter 3), the hidden Markov model (HMM) was combined with DC
to discover regime changes. And in the third research chapter (Chapter 5), the
naive Bayes classifier was applied to track market changes, from DC market data.
However, given our thesis concept about regime change and DC, there was a
need for it to be tested, in order to explore how to effectively use DC in data
analysis, to recognise regime changes in financial markets. In the first research
study, which was presented in Chapter 3, we proposed a new approach to detect
regime change in financial markets. This approach was based on the framework
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of DC, which was different from the conventional time series approach. Under our
chosen DC framework, we used a variable DC indicator, DC Return, to summarise
the fluctuation of the financial data. The DC indicator was compared with a time
series variable, that of realised volatility, in regime change detection.
To evaluate the efficiency of using DC to recognise regime changes, we used the
observed variables from both DC data and time series, into a HMM. This com-
bination of machine learning techniques resulted in regime change being clearly
recognised. This approach was then examined using a chosen period of time when
the market was likely to be experiencing a regime change. The financial data was
taken from a period of market uncertainty and fluctuation, over the period of two
months, spanning the UK’s referendum vote over whether to leave the European
Union, or Brexit, from the period 23 May 2016 to 22 July 2016.
The results indicated that both DC and time series were able to achieve regime
change recognition. The detected regime changes from both DC data and time
series corresponded to the major market event, the period of the Brexit refer-
endum. Moreover, we found that the DC approach was able to detect regime
change not recorded under time series. Therefore, according to our research, it is
the use of the two techniques together, that of time series and DC, to establish
regime change, that would enable the researcher to examine the data more fully,
to achieve a fuller picture and a clear recognition of regime change in financial
markets.
In addition, our research indicated that the results of the regime changes
which were detected under DC and time series could be broken down into two
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clearly definable regimes, Regime 1, with low volatility and Regime 2, with high
volatility.
Based on the findings in the Chapter 3, we went on to study regime change
under the framework of DC. In the second part of our research, in Chapter 4, we
examined the occurrence of the market regimes in greater detail, and were able to
categorise market regimes into “normal market regimes” and “abnormal market
regimes”.
Thus, using our development of DC and the HMM together, we attempted
to classify the two types of market regimes with historical data from 10 financial
markets. The results demonstrated that normal regimes across different finan-
cial markets shared similar statistical characteristics. In addition, by observing
the DC indicators in a designed two-dimensional indicator space, we were able
to distinguish normal from abnormal regimes, so that it was possible to clearly
establish what regime a market currently inhabited.
In our view, our research also shows the importance of significant external
events affecting the fluctuations of the financial markets. According to our re-
search, the abnormal regime (more volatile market periods), were more likely to
have been triggered by a significant external event, such as the oil crash of 2014-
16, or the global financial crisis of 2007-2008, but then the market always returned
to and stayed in normal regimes (less volatile market periods) afterwards.
Our research also indicated that it is possible to tell whether a market is in a
normal regime by observing the DC indicators in the market. This suggested that
the DC indicators could potentially be used to track the market, to see whether
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regime change transition between normal and abnormal regimes is occurring. This
would allow for real time tracking of financial markets, with implications for both
financial trading and financial market tracking.
Our third research chapter, Chapter 5, went on to further examine this point,
to widen the scope of the recognition of regime change, by using the DC indi-
cators to track regime change dynamically. Based on the findings in Chapter 3
and Chapter 4, in this research chapter we proposed a new method to track the
transition of regime changes.
This is a practical method which allows us to track regime changes up to the
present. We observed the DC indicators of the two regimes (Regime 1 or 2) from
the past financial data. A Bayesian probability model was introduced to analyse
the data generated from the DC indicators. Then, given the financial data up to
the present, the Bayesian model was able to uncover what are the probabilities
and likelihoods of which regime the market is in.
In the empirical study, we used the data from the Dow Jones, FTSE 100 and
S&P 500 index from 2007 to 2010, to track regime changes of the data of the
S&P 500 index from 2010 to 2012. The results show that the proposed method is
capable of picking up the signals of regime changes. Therefore, we can conclude
that by observing the information from the past financial data under DC, we are
able to make an assumption in real time as to what regime the market is in.
In our fourth research chapter, Chapter 6, we demonstrated that the infor-
mation of regime tracking can be applied to establish trading algorithms. We
proposed two trading algorithms which make use of the regime tracking signals.
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In the empirical study, these two algorithms are compared with the control al-
gorithm without using the tracking signals. Results suggest that regime tracking
information helped reduce their maximum drawdown. It means by adopting dif-
ferent strategies under different regimes, investors can minimize their losses in
their investment.
Thus, our four linked areas of DC research provided a new approach to mea-
suring the market dynamics of regime change, indicating that, in our view, DC
analysis is an effective tool for use by financial market researchers, for financial
market analysis, as well as those involved in oversight of the financial market.
Finally, it is worth noting that both regime change detection (Chapters 3 and
4) and tracking (Chapter 5) are data driven. The data indicates to us whether
the market is in the normal or abnormal regime. No forecasting is attempted. It
is up to users to interpret what are the results.
7.2 Contributions
The research work explored in our thesis provided a new way to understand
and measure the dynamic of financial markets in terms of regime changes. Com-
bining different machine learning techniques with a data-driven method: that of
Directional Change, new methods are provided to detect regime changes in the
financial market, to categorise different market regimes and to dynamically track
the transition of regime changes from the information observed up to the present.
The main contributions of this thesis are:
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1. The use of Directional Change (DC) variable Return (R) in a machine learn-
ing model (namely, HMM) proposed in Chapter 3 is the first attempt to
detect regime change under the DC framework. Tested on the foreign ex-
change market, the regime changes detected by the proposed method and
their timings are consistent with political developments over the Brexit ref-
erendum in the UK in June, 2016.
2. We have shown in Chapter 3 that using DC and time series together gave us
more insight into the occurrence and timing of regime changes, rather than
using DC or time series alone. To be precise, while regime changes detected
by the DC method proposed in Chapter 3 agreed with regime changes de-
tected under time series most of the time, the results are not identical. For
example, DC detected a short spell of regime change (14/07/2016 07:03:12
to 07:05:01, see Table 3.1) which was not detected under time series.
3. This is the first attempt to establish what are the statistical properties of
normal and abnormal regimes in terms of their positions in the DC indicators
space (Chapter 4). Through the observation of regimes detected in ten
different markets at different time using different thresholds, we discovered
that normal and abnormal regimes (which represent regimes before and after
significant events took place) are clearly separable in the normalised TMV
and T indicator space.
4. As a proof of concept, we have proposed (in Chapter 5) a method to track the
market using the statistical properties established in Chapter 4. By feeding
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the TMV and T observed in the current trend into a naive Bayes classifier,
we can independently compute the probabilities of the current market being
in the normal or in the abnormal regimes. By using a simple rule, we can
combine these probabilities to conjecture whether the current market is
in the normal or abnormal regime. Preliminary results suggest that the
proposed method managed to detect regime change signals accurately and
promptly.
5. In Chapter 6, we examined the usefulness of the regime tracking information.
Two trading algorithms are proposed which make use of the regime tracking
signals that are presented in Chapter 5. The results show that the regime
tracking signals help to reduce maximum drawdown in investment.
To summarise, this thesis has pioneered a method for regime change detection
under the DC framework. It showed that normal and abnormal regimes can
be characterised using two DC indicators, TMV and T . Such characteristics
once established could be used for market tracking, which potentially lays the
foundation of building practical financial early warning systems.
7.3 Future Research
This thesis has used DC to attempt to successfully understand the financial
market more fully, in the area of regime change, which has proved sensitive to
both external significant events as well as those of market fluctuations. Given
that a new method is provided to detect and measure regime changes in financial
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markets, there is a wide range of opportunities to carry out more research on
regime changes under DC.
7.3.1 Research Direction
In Chapter 3, a new method is proposed to detect regime changes in financial
markets. With this method, the HMM is applied to recognise regime changes from
the observation of DC. However, only two types of market regimes are defined in
this research: normal regime with lower volatility (which is reflected by smaller R)
and abnormal regime with high volatility. Since the market obviously fluctuates
during extreme events, it is worth to discover and define more likely market
regimes, based on different market conditions.
Besides, in this research, a significant market event is attached to every se-
lected data set. As a result, a significant event is attached to every detected
market regime. This is because we want to see if the detected regime changes
are related to some significant market events. Also, this allows us to relate the
timing of the regime changes to the significant events. However, it is possible that
a regime change happens in the market without being caused by any event that
we are aware of. This is because extreme events could cause changes in volatility,
but volatility change does not necessarily cause regime changes. Therefore, an-
other interesting research direction would be to investigate regime changes in a
long period of time with the proposed method, and to find out if regime changes
would be detected without being caused by significant market events.
Using the proposed method, ten financial assets are investigated in Chapter 4.
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The detected market regimes are then plotted into a two-dimensional DC indicator
space: the T-TMV space. The results show that the positions of normal and
abnormal regimes are clear separable from each other in the T-TMV space. This
allows us to classify normal and abnormal regimes according to their positions in
the indicator space.
Equipped with characteristics of the normal and abnormal regimes, one promis-
ing research path is to go forward to measure the distance between the positions
of normal and abnormal regimes in the indicator space. This would allow us to
measure the statistical differences between two regimes. Moreover, one could ap-
ply some machine learning models, such as the support vector machines (SVMs)
to find a clear gap between two categories. It may lead to the discovery of the
boundary between normal and abnormal regimes.
The characteristics of the normal and abnormal regimes are applied for market
tracking in Chapter 5. As a proof of concept, we proposed a market tracking
method to compute the probability of the current market being in normal and
abnormal regime.
In Chapter 6, we have demonstrated how predicted regime signals could help
trading. We acknowledge that the predictions are not always perfect, and more
can be done. Trading should benefit from better predictions. For example, we
observe that there are too many Regime 2 signals generated by B-Simple, and very
few by B-Strict. One could attempt to improve the accuracy of regime tracking
system by, for example, taking the average of the signals. Besides, one could also
attempt to look for a confirmatory signal following the initial signal. These are
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promising research areas forward.
Aside from trading with regime change signals, another research path would
be to establish an early warning system based on the tracking signals of regime
changes. The proposed market tracking method manage to monitor the transition
of market regimes up to the present. This could lead to the establishment of a
practical financial early warning system, which could raise the alarm when the
transition of market regimes is detected. Such research could be useful for market
makers and regulators to monitor the financial market.
Finally, since only one threshold was used to sample data in the proposed
market tracking method, multiple thresholds could also be applied to track the
market.
Appendix A
Extended Results of Chapter 3
In this appendix, we provided the extend results of the experiment that were
presented in Chapter 3. Table A.1 provides the time periods of regime changes
which are investigated from the data of GBP–USD. Table A.2 provides the time
periods of regime changes which are investigated from the data of EUR–USD.
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Table A.1: Time periods of regimes in GBP–USD.
Directional Change: RDC
Number Regime 1
1 23/05/2016 04:50:41 – 16/06/2016 03:57:02
2 16/06/2016 04:31:11 – 19/06/2016 19:54:59
3 19/06/2016 23:52:37 – 22/06/2016 17:35:41
4 22/06/2016 21:46:16 – 23/06/2016 06:37:18
5 23/06/2016 10:31:47 – 23/06/2016 16:52:03
6 23/06/2016 17:52:26 – 23/06/2016 19:14:16
7 24/06/2016 05:17:52 – 24/06/2016 06:01:09
8 24/06/2016 07:27:57 – 24/06/2016 08:00:53
9 24/06/2016 12:17
10 24/06/2016 13:31:45 – 24/06/2016 13:48:57
11 24/06/2016 14:32:22 – 24/06/2016 16:51:37
12 26/06/2016 17:59
13 26/06/2016 19:51
14 26/06/2016 21:17:32 – 27/06/2016 05:24:57
15 27/06/2016 07:51:44 – 27/06/2016 09:14:18
16 27/06/2016 10:57:41 – 14/07/2016 07:00:20
17 14/07/2016 08:12:19 – 22/07/2016 04:03:16
Time Series: RV
1 23/05/2016 – 17/06/2016
2 20/06/2016 – 22/06/2016
3 28/06/2016 – 22/07/2016
Directional Change: RDC
Number Regime 2
1 16/06/2016 04:01:58
2 19/06/2016 20:03:54
3 22/06/2016 17:43:58
4 23/06/2016 06:56:43 – 23/06/2016 07:00:53
5 23/06/2016 17:00:43 – 23/06/2016 17:04:06
6 23/06/2016 19:17:56 – 24/06/2016 04:50:48
7 24/06/2016 06:40:44 – 24/06/2016 06:50:23
8 24/06/2016 08:12:47 – 24/06/2016 11:36:15
9 24/06/2016 12:57:35 – 24/06/2016 13:09:33
10 24/06/2016 13:54:30 – 24/06/2016 14:10:50
11 24/06/2016 16:54
12 26/06/2016 18:02:22 – 26/06/2016 18:11:21
13 26/06/2016 19:57
14 27/06/2016 05:35:23 – 27/06/2016 06:05:08
15 27/06/2016 09:19:59 – 27/06/2016 09:35:18
16 14/07/2016 07:03:12 – 14/07/2016 07:09:12
17
Time Series: RV
1 19/06/2016
2 23/06/2016 – 27/06/2016
3
136
Table A.2: Time periods of regimes in EUR–USD
Directional Change: RDC
Number Regime 1
1 25/05/2016 10:26:15 – 23/06/2016 17:11:42
2 24/06/2016 13:38:28 – 22/07/2016 04:17:29
Time Series: RV
1 23/05/2016 – 02/06/2016
2 05/06/2016 – 15/06/2016
3 20/06/2016 – 22/06/2016
4 03/07/2016 – 07/07/2016
5 10/07/2016 – 22/07/2016
Directional Change: RDC
Number Regime 2
1 23/06/2016 17:34:21 – 24/06/2016 12:17:02
2
Time Series: RV
1 03/06/2016
2 16/06/2016 – 19/06/2016
3 23/06/2016 – 01/07/2016
4 08/07/2016
5
Appendix B
Experiment Summary of Chapter
4
In this appendix, we provided summaries of the experiments of the 10 data
sets that investigated in Chapter 4. For each data set, the information of the
experiment is provided, which include the chosen time period, the collected fre-
quency, the major market events that related to the chosen data, the time of the
event that took place, the threshold that used to summarise the financial data
into DC trends and the timing of the estimated regime changes.
As mentioned in Section 4.3, ten evenly distributed thresholds were applied
to summarise the financial data. Here, for each data set, a summary of using one
threshold is presented.
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Table B.1: Experiment summary of the data of DJIA.
Data Dow Jones Industrial Average (DJIA)
Time period 03/01/2007 – 28/12/2012
Data type Daily closing price
Major market event Global financial crisis
Timing of the event The investment bank Lehman Brothers collapsed on
15 September, 2008.
Thresholds 0.3%
Time periods of regimes
Regime 1 Regime 2
05/01/2007 – 05/03/2008 10/03/2008 – 01/04/2008
09/04/2008 – 15/07/2008 23/07/2008 – 02/06/2009
03/06/2009 – 26/04/2010 27/04/2010 – 07/06/2010
08/06/2010 – 05/08/2011 08/08/2011 – 14/12/2011
15/12/2011 – 20/12/2012
Table B.2: Experiment summary of the data of FTSE 100 Index.
Data FTSE 100 Index
Time period 02/01/2007 – 31/12/2012
Data type Daily closing price
Major market event Global financial crisis
Timing of the event The investment bank Lehman Brothers collapsed on
15 September, 2008.
Thresholds 0.3%
Time periods of regimes
Regime 1 Regime 2
10/01/2007 – 23/07/2007 30/07/2007 – 19/09/2007
20/09/2007 – 14/11/2007 19/11/2007 – 25/03/2008
26/03/2008 – 25/06/2008 26/06/2008 – 13/05/2009
14/05/2009 – 29/04/2010 07/05/2010 – 27/05/2010
02/06/2010 – 22/07/2011 08/08/2011 – 14/12/2011
15/12/2011 – 19/12/2012 15/12/2011 – 19/12/2012
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Table B.3: Experiment summary of the data of S&P 500 Index.
Data S&P 500 Index
Time period 03/01/2007 – 28/12/2012
Data type Daily closing price
Major market event Global financial crisis
Timing of the event The investment bank Lehman Brothers collapsed on
15 September, 2008.
Thresholds 0.3%
Time periods of regimes
Regime 1 Regime 2
05/01/2007 – 05/03/2008 10/03/2008 – 28/03/2008
07/04/2008 – 07/07/2008 08/07/2008 – 03/06/2009
04/06/2009 – 23/04/2010 27/04/2010 – 26/07/2010
29/07/2010 – 03/08/2011 08/08/2011 – 14/12/2011
16/12/2011 – 20/12/2012
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Table B.4: Experiment summary of the data of Brent Crude Oil.
Data Brent Crude Oil
Time period 02/01/2014 – 30/12/2016
Data type Daily closing price
Major market event The collapse of oil prices.
Timing of the event 2014 – 2016
Thresholds 0.3%
Time periods of regimes
Regime 1 Regime 2
03/01/2014 – 03/11/2014 04/11/2014
05/11/2014 – 07/11/2014 17/11/2014 – 01/12/2014
02/12/2014 08/12/2014
09/12/2014 10/12/2014
11/12/2014 22/12/2014 – 07/01/2015
08/01/2015 13/01/2015 – 15/01/2015
22/01/2015 – 29/01/2015 09/02/2015 – 23/02/2015
24/02/2015 – 25/02/2015 27/02/2015 – 02/03/2015
03/03/2015 04/03/2015 – 10/03/2015
12/03/2015 16/03/2015
20/03/2015 – 24/03/2015 26/03/2015 – 24/04/2015
28/04/2015 06/05/2015 – 15/05/2015
18/05/2015 19/05/2015 – 29/05/2015
01/06/2015 – 02/06/2015 04/06/2015 – 16/06/2015
18/06/2015 19/06/2015 – 09/07/2015
21/07/2015 – 29/07/2015 07/08/2015 – 18/09/2015
21/09/2015 22/09/2015 – 24/09/2015
25/09/2015 28/09/2015 – 29/09/2015
30/09/2015 – 01/10/2015 02/10/2015 – 23/10/2015
26/10/2015 27/10/2015 – 29/10/2015
04/11/2015 – 05/11/2015 09/11/2015 – 13/01/2016
14/01/2016 20/01/2016 – 29/02/2016
01/03/2016 02/03/2016 – 12/04/2016
13/04/2016 – 14/04/2016 15/04/2016 – 26/05/2016
27/05/2016 – 03/06/2016 08/06/2016 – 20/06/2016
21/06/2016 – 23/06/2016 27/06/2016 – 29/06/2016
01/07/2016 – 04/07/2016 05/07/2016
07/07/2016 11/07/2016 – 18/07/2016
20/07/2016 02/08/2016 – 14/09/2016
15/09/2016 – 16/09/2016 19/09/2016 – 26/10/2016
27/10/2016 07/11/2016 – 25/11/2016
28/11/2016 29/11/2016 – 21/12/2016
141
Table B.5: Experiment summary of the data of WTI Crude Oil.
Data West Texas Intermediate (WTI) Crude Oil
Time period 02/01/2014 – 30/12/2016
Data type Daily closing price
Major market event The collapse of oil prices.
Timing of the event 2014 – 2016
Thresholds 0.3%
Time periods of regimes
Regime 1 Regime 2
09/01/2014 – 14/08/2014 15/08/2014 – 28/12/2016
Table B.6: Experiment summary of the data of EUR–GBP.
Data EUR–GBP
Time period 02/05/2016 – 01/09/2016
Data type Minute-by-Minute
Major market event UK’s EU referendum
Timing of the event 23 June, 2016
Thresholds 0.3%
Time periods of regimes
Regime 1 Regime 2
02/05/2016 08:05 – 23/06/2016 21:51 23/06/2016 21:54 – 24/06/2016 21:58
26/06/2016 22:54 – 31/08/2016 15:41 26/06/2016 22:54 – 31/08/2016 15:41
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Table B.7: Experiment summary of the data of GBP–USD.
Data GBP–USD
Time period 02/05/2016 – 01/09/2016
Data type Minute-by-Minute
Major market event UK’s EU referendum
Timing of the event 23 June, 2016
Thresholds 0.3%
Time periods of regimes
Regime 1 Regime 2
02/05/2016 13:15 – 23/06/2016 21:51 23/06/2016 22:00 – 28/06/2016 02:53
28/06/2016 03:48 – 14/07/2016 11:58 14/07/2016 12:00 – 14/07/2016 13:04
14/07/2016 14:44 – 31/08/2016 14:33 14/07/2016 14:44 – 31/08/2016 14:33
Table B.8: Experiment summary of the data of EUR–USD.
Data EUR–USD
Time period 02/05/2016 – 01/09/2016
Data type Minute-by-Minute
Major market event UK’s EU referendum
Timing of the event 23 June, 2016
Thresholds 0.3%
Time periods of regimes
Regime 1 Regime 2
03/05/2016 09:10 – 23/06/2016 22:15 23/06/2016 22:35 – 24/06/2016 18:34
26/06/2016 21:50 – 31/08/2016 13:48
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Table B.9: Experiment summary of the data of the Shanghai Stock Exchange Com-
posite Index (SSE).
Data SSE
Time period 06/10/2014 – 06/09/2017
Data type Daily closing price
Major market event Chinese stock market turbulence
Timing of the event 2015 – 2016
Thresholds 0.3%
Time periods of regimes
Regime 1 Regime 2
10/06/2014 10:15 – 11/11/2014 09:39 11/11/2014 09:46 – 13/11/2014 10:08
13/11/2014 10:38 – 28/11/2014 13:17 28/11/2014 13:40 – 13/01/2015 10:37
13/01/2015 11:07 – 14/01/2015 14:26 14/01/2015 14:32 – 02/02/2015 09:52
02/02/2015 10:23 – 04/02/2015 14:20 04/02/2015 14:28 – 10/02/2015 09:30
10/02/2015 10:42 – 23/03/2015 14:59 24/03/2015 09:34 – 27/03/2015 10:14
27/03/2015 10:31 – 02/04/2015 14:59 03/04/2015 09:30 – 30/04/2015 10:10
30/04/2015 10:29 – 04/05/2015 09:30 04/05/2015 09:34 – 14/05/2015 10:39
14/05/2015 11:16 – 20/05/2015 14:22 20/05/2015 14:40 – 29/09/2015 09:49
29/09/2015 10:29 – 12/10/2015 10:42 12/10/2015 10:47 – 16/11/2015 10:19
16/11/2015 10:35 – 27/11/2015 13:29 27/11/2015 13:33 – 04/12/2015 09:50
04/12/2015 10:06 – 04/01/2016 10:16 04/01/2016 10:20 – 03/02/2016 10:13
03/02/2016 10:37 – 23/02/2016 14:07 23/02/2016 14:20 – 14/03/2016 09:40
14/03/2016 11:10 – 20/04/2016 09:30 20/04/2016 13:10 – 21/04/2016 10:02
21/04/2016 10:18 – 27/07/2016 10:10 27/07/2016 13:16 – 28/07/2016 09:48
28/07/2016 10:02 – 09/06/2017 10:25
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Table B.10: Experiment summary of the data of the Shenzhen Stock Exchange Com-
ponent Index (SZSE).
Data SZSE
Time period 06/10/2014 – 06/09/2017
Data type Daily closing price
Major market event Chinese stock market turbulence
Timing of the event 2015 – 2016
Thresholds 0.3%
Time periods of regimes
Regime 1 Regime 2
10/06/2014 09:34 – 17/09/2014 15:00 18/09/2014 09:31 – 18/09/2014 09:51
18/09/2014 10:03 – 28/11/2014 13:41 28/11/2014 14:07 – 31/12/2014 10:11
31/12/2014 10:30 – 05/01/2015 09:50 05/01/2015 09:55 – 14/01/2015 10:02
14/01/2015 10:49 – 16/01/2015 15:00 19/01/2015 09:57 – 22/01/2015 10:00
22/01/2015 10:22 – 23/01/2015 11:23 23/01/2015 13:00 – 03/02/2015 09:41
03/02/2015 09:59 – 04/02/2015 14:20 04/02/2015 14:24 – 09/02/2015 10:11
09/02/2015 10:32 – 20/03/2015 11:24 20/03/2015 13:38 – 23/03/2015 10:07
23/03/2015 10:43 – 24/03/2015 09:30 24/03/2015 09:33 – 27/03/2015 10:12
27/03/2015 10:31 – 30/03/2015 14:44 30/03/2015 14:51 – 02/04/2015 11:26
02/04/2015 13:17 – 08/04/2015 09:30 08/04/2015 09:37 – 10/04/2015 10:12
10/04/2015 10:36 – 13/04/2015 14:39 14/04/2015 09:32 – 29/04/2015 09:52
29/04/2015 10:38 – 04/05/2015 09:30 04/05/2015 09:34 – 04/05/2015 09:48
04/05/2015 10:34 – 05/05/2015 10:48 05/05/2015 11:19 – 18/05/2015 10:38
18/05/2015 13:41 – 20/05/2015 14:22 20/05/2015 14:40 – 11/06/2015 10:30
11/06/2015 10:51 – 12/06/2015 14:05 12/06/2015 14:14 – 30/09/2015 10:48
30/09/2015 13:32 – 08/10/2015 09:30 08/10/2015 09:32 – 08/10/2015 09:49
08/10/2015 10:03 – 12/10/2015 11:25 12/10/2015 13:17 – 19/11/2015 10:13
19/11/2015 10:38 – 23/11/2015 13:53 23/11/2015 14:09 – 24/11/2015 10:09
24/11/2015 10:44 – 26/11/2015 14:18 26/11/2015 14:29 – 14/12/2015 09:49
14/12/2015 10:13 – 28/12/2015 13:19 28/12/2015 13:23 – 29/12/2015 10:08
29/12/2015 10:23 – 04/01/2016 09:50 04/01/2016 09:55 – 03/02/2016 10:49
03/02/2016 11:21 – 24/02/2016 15:00 25/02/2016 10:03 – 16/03/2016 10:49
16/03/2016 11:00 – 23/03/2016 14:01 23/03/2016 14:21 – 25/03/2016 10:02
25/03/2016 10:30 – 20/04/2016 10:25 20/04/2016 11:17 – 21/04/2016 10:01
21/04/2016 10:18 – 06/05/2016 11:10 06/05/2016 11:19 – 10/05/2016 09:50
10/05/2016 10:15 – 13/06/2016 14:09 13/06/2016 14:16 – 14/06/2016 09:54
14/06/2016 10:24 – 24/06/2016 09:30 24/06/2016 09:46 – 27/06/2016 09:47
27/06/2016 13:32 – 27/07/2016 13:01 27/07/2016 13:05 – 28/07/2016 13:31
28/07/2016 13:52 – 09/06/2017 10:38
Appendix C
Detected Regime Changes in
Chapter 4
In this appendix, we present the timeline graph of the detected regime changes
for the chosen dataset in Chapter 4. As discussed in Section 4.3.2, we have used
10 thresholds for each dataset in Chapter 4. Here, we present the graphs for a
representative threshold only (namely 0.003).
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Figure C.1: Detected regime changes in
Dow Jones index.
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Figure C.2: Detected regime changes in
FTSE 100 index.
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Figure C.3: Detected regime changes in
S&P 500 index.
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Figure C.4: Detected regime changes in
Brent oil.
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Figure C.5: Detected regime changes in
WTI oil.
-20
-18
-16
-14
-12
-10
-8
-6
-4
-2
0
02/05/2016 02/06/2016 02/07/2016 02/08/2016
Lo
g_
R
Date
EUR-GBP: Regime Change under DC
Regime 1 Regime 2 Log_R
Figure C.6: Detected regime changes in
EUR-GBP.
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Figure C.7: Detected regime changes in
GBP-USD.
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Figure C.8: Detected regime changes in
EUR-USD.
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Figure C.9: Detected regime changes in
SSE index.
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Figure C.10: Detected regime changes
in SZSE index.
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